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Abstract
Water mass transport on the Earth is an interaction among the ocean, land and atmosphere.
As a part of the circulation, the terrestrial water mass change in the water cycle and exchange
in the ocean-land-atmosphere interaction are essential to assess, which motivates us to start
this study. As a major spaceborne geodetic sensor, the GRACE satellite mission observes the
global mass change, sensing the time-variable gravity field of the Earth. The global coverage
of GRACE allows to monitor the large-scale water mass variation, despite the coarse temporal
and spatial resolution and the limited lifetime. Based on the GRACE products, this thesis aims
to assess the terrestrial water mass change by hydrometeorological variables and explore the
teleconnection with climate variability.
Initially, the linear relationship between and the seasonality of each variable in the water bal-
ance are characterized. For estimating the terrestrial water mass change at catchment scale
by multiple hydrological variables, three statistical approaches are employed in this thesis,
namely, (1) least-squares prediction/collocation (LSP/LSC), (2) principal component regres-
sion (PCR), (3) partial least-squares regression (PLR). Concerning the temporal shifts among
the variables in the dynamic water cycle, an adaptive moving average (MA) algorithm com-
bined with these three approaches is developed to improve the accuracy of model estimates.
The performances of the three different approaches are evaluated and compared through a
validation against the observations from GRACE. The terrestrial water storage in the tropical
and temperate basins is well-modeled by a combination of precipitation, evapotranspiration
and runoff. However, the water storage is poorly predicted in boreal catchments, due to its
weak cyclo-stationarity. In addition, some aspects regarding the model performance, e.g. the
sensitivity of PCR and PLR to the selected modes, the sensitivity to the order of MA, are also
investigated to find an optimal scheme.
Concerning the coarse spatial resolution of GRACE, we develop a statistical assimilation algo-
rithm based on MA and PLR to acquire a higher resolution, by assimilating GRACE with mul-
tiple spatial highly-resolved hydrological models. In contrast with conventional assimilation
approaches, e.g. Kalman filter, our algorithm is implemented without any model assumption.
This spatial downscaling of GRACE is achieved with knowledge of the empirical information
of high resolution water storage from a model, i.e. WGHM. The results show an obvious im-
provement of the spatial resolution. For a validation, we compare the downscaled water stor-
age with GRACE and WGHM by aggregation over catchments, and through the misclosure of
the water balance. As a result, it shows that our assimilation is acceptable. Additionally, the
spatial and temporal patterns of separated modes of results as well as the linear trends and an-
nual amplitudes explain the good performance of the assimilation, which retains the dominant
signals from GRACE and benefits from WGHM in local details.
XVI
To explore the teleconnection between climate variablity and terrestrial water mass change,
the sea surface temperature (SST) anomalies are adopted as an intermedium. This thesis em-
ploys several decomposition methods, i.e. principal component analysis (PCA), independent
component analysis (ICA), and canonical correlation analysis (CCA), to extract the associated
variation from GRACE observed terrestrial water storage with El Ninõ Southern Oscillation
(ENSO). Comparing with PCA and ICA, CCA demonstrates the advantage of identifying the
signature of ENSO on terrestrial interannual water mass change. The spatial patterns of the
identified canonical modes reveal the signature of ENSO on pan-Arctic regions, particularly
on several boreal catchments, e.g. Lena, Yenisei and Ob. In addition, the disagreement of the
spatial patterns of water storage fluxes from mass derivative and water balance is explained by
the model errors and the inconsistency of the spatial resolution.
Furthermore, to explore the causal relationships between ENSO and terrestrial variables (i.e.
water storage, precipitation, evaporation, runoff, land surface temperature) in boreal catch-
ments, the phase and time delay with respect to ENSO is estimated by the Hilbert transforma-
tion and wavelet transformation. The different time lags of each variable allow interpretation of
the dynamic process of the water mass transport. The wavelet coherency maps indirectly prove
the identified joint modes by CCA. The associated temporal modes of precipitation, runoff,
evaporation indicate time lags to ENSO from 0 to 2 months. Due to the inadequate temporal
sampling of GRACE, the time lag of water storage cannot be distinguished within one inte-
ger month. Water storage fluxes respond to ENSO with about 1-month delay. Nevertheless,
GRACE has proved its capability of sensing the interannual change of terrestrial water mass
that associated with ENSO. Overall, the phase differences calculated by Hilbert transforma-
tion and represented by wavelet coherency maps help us to interpret the causal relationships
between ENSO and terrestrial variables, and understanding the teleconnection in a compre-
hensive way.
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Zusammenfassung
Der Wassertransport auf der Erde findet in der Wechselwirkung zwischen Ozean, Land und
Atmosphäre statt. Als Teil der Zirkulation sind die Änderungen der terrestrischen Wasser-
massen im Wasserkreislauf und der Austausch in der Wechselwirkung zwischen Meer, Land
und Atmosphäre von wesentlicher Bedeutung, was uns zu dieser Forschung motiviert. Als
bedeutender geodätischer Sensor im Weltraum beobachtet die GRACE-Satellitenmission die
globalen Massenänderungen und erfasst das zeitlich-veränderliche Schwerefeld der Erde. Die
globale Abdeckung der GRACE Beobachtungen ermöglicht die Überwachung der großräumi-
gen Wassermassenschwankung trotz der groben zeitlichen und räumlichen Auflösung und der
begrenzten Lebensdauer. Basierend auf den GRACE-Beobachtungen soll diese Dissertation die
terrestrische Wassermassenänderung durch hydrometeorologischer Variablen bewerten und
die „Teleconnection“mit der Klimavariabilität untersuchen.
Zunächst werden die Saisonalität jeder Variablen und die lineare Beziehung zwischen
diesen im Wasserhaushalt charakterisiert. Drei statistische Ansätze, nämlich (1)„least-
squares prediction/collocation“(LSP/LSC), (2)„principal component regression“(PCR),
(3)„partial least-squares regression“(PLR), werden in dieser Arbeit verwendet, um die
Änderung der terrestrischen Wassermassen durch mehrere hydrologische Variablen je
Becken abzuschätzen. Bezüglich der zeitlichen Verschiebungen zwischen den Variablen im
dynamischen Wasserkreislauf wird ein adaptiver „moving average“(MA) Algorithmus in
Kombination mit diesen drei Ansätzen entwickelt, um die Genauigkeit der Modellschätzungen
zu verbessern. Die Leistungen der drei verschiedenen Ansätze werden bewertet und durch
eine Validierung mit den Beobachtungen von GRACE verglichen. Der terrestrische Wasserspe-
icher in den tropischen und gemäßigten Becken ist durch eine Kombination aus Niederschlag,
Evapotranspiration und Abfluss gut modelliert. Aufgrund der schwachen Zyklo-Stationarität
wird der Wasserspeicher in borealen Becken jedoch nur schlecht vorhergesagt. Außerdem
werden einige Aspekte bezüglich der Modellleistung ebenfalls untersucht, z.B. die Sensitivität
von PCR und PLR für die ausgewählten Modi, und die Sensitivität für die Reihenfolge von
MA, um ein optimales Schema zu finden.
Darüber hinaus entwickeln wir einen statistischen Assimilationsalgorithmus basierend auf MA
und PLR, um eine höhere räumliche Auflösung des gesamten Wasserspeichers zu erhalten, in-
dem GRACE-lösungen mit mehreren räumlichen hochaufgelösten hydrologischen Modellen
assimiliert wird. Im Gegensatz zu einem herkömmlichen Assimilationsansatz, z.B. "Kalman-
Filter", wird unser Algorithmus ohne Modellannahme implementiert. Diese räumliche Herun-
terskalierung von GRACE wird durch Kenntnis der empirischen Informationen der Wasserspe-
icherung mit hoher Auflösung aus dem Modell, d.h. WGHM, erreicht. Die Ergebnisse zeigen
eine offensichtliche Verbesserung der räumlichen Auflösung. Für eine Validierung vergleichen
wir die rechnerische verkleinerte Wasserspeicherung aus GRACE und WGHM durch Aggrega-
tion über die Becken und durch den Abschlussfehler des Wasserhaushaltes. Das Ergebnis zeigt,
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dass unsere Assimilation akzeptabele Werte liefert. Die räumlichen und zeitlichen Muster der
getrennten Ergebnismodi, sowie die linearen Trends und Jahresamplituden erklären die gute
Leistung der Assimilation darüber hinaus, wobei die Lösungen die dominanten Signale von
GRACE beibehält und in lokalen Details von WGHM profitiert.
Um die Teleconnection zwischen der Klimavariabilität und der Änderung der terrestrischen
Wassermassen zu untersuchen, werden Anomalien der Meeresoberflächentemperatur (SST)
als Medium angenommen. Diese Arbeit verwendet verschiedene nummerisch „decompo-
sition methods“, d.h.„principal component analysis“(PCA), „independent component analy-
sis“(ICA) und „canonical correlation analysis“(CCA), um die damit verbundene Variation aus
der beobachteten terrestrischen Wasserspeicherung von GRACE mit „El Ninõ Southern Oscil-
lation“(ENSO) zu extrahieren. Im Vergleich mit PCA und ICA zeigt CCA den Vorteil der Iden-
tifizierung der Signatur von ENSO bei den zwischenjährlichen Änderungen der terrestrischen
Wassermasse. Die räumlichen Muster der identifizierten kanonischen Modi zeigen die Sig-
natur von ENSO in panarktischen Regionen, insbesondere in mehreren borealen Becken, z.B.
Lena, Yenisei und Ob. Die Nichtübereinstimmung der räumlichen Muster der Wasserspeicher-
flüsse aus der Massenableitung und dem Wasserhaushalt wird durch die Modellfehler und die
Inkonsistenz der räumlichen Auflösung erklärt.
Ferner wird die Phasen- und Zeitverzögerung in Bezug auf ENSO geschätzt, um die
kausalen Beziehungen zwischen ENSO und terrestrischen Variablen (d.h. Wasserspeicherung,
Niederschlag, Verdampfung, Abfluss, Landoberflächentemperatur) in borealen Becken zu
untersuchen. Die Hilbert-Transformation und die Wavelet-Transformation werden eingeführt,
um die Phasendifferenzen zu quantifizieren. Die unterschiedlichen Zeitverzögerungen
jeder Variablen interpretieren den dynamischen Prozess des Wassermassentransports. Die
Wavelet-Kohärenzkarten bestätigen indirekt die kanonische Modi durch CCA identifizierten.
Die verbundenen zeitlichen Modi von Niederschlag, Abfluss und Verdampfung weisen auf
eine Zeitverschiebungen bis zu 2 Monaten im Vergleich zu ENSO hin. Aufgrund der unzure-
ichenden zeitlichen Probenahme von GRACE kann die zeitliche Verzögerung der Wasserspe-
icherung nur auf Monatsebene erfolgen. Wasserspeicherflüsse reagieren auf ENSO mit einer
Verzögerung von etwa einem Monat. Trotzdem hat GRACE seine Fähigkeit bewiesen, die mit
ENSO einhergehenden Änderungen der terrestrischen Wassermasse zu erfassen. Außerdem
helfen die dargestellten Phasendifferenzen durch den Hilbert-Transformation und durch die
Wavelet-Kohärenzkarten, um die kausalen Beziehungen zwischen ENSO und terrestrischen
Variablen zu interpretieren, und die Teleconnection umfassend zu verstehen.
1Chapter 1
Introduction
The Earth system is composed of several components: the solid Earth, hydrosphere, atmo-
sphere, lithosphere and biosphere. Although the Earth system is mass conserving, masses
are transported and redistributed in and among different parts of Earth. With the interaction
among the land, ocean and atmosphere in various ways, the mass variation occurs on all tem-
poral and spatial scales.
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Figure 1.1: Illustration of mass storage components and transport between ocean, land and atmosphere.
A general overview of the global water mass storage and transport is illustrated in Figure 1.1.
Monitoring the global water mass storage and transport is practically fulfilled through various
variables. The terrestrial water mass change can be measured via the variation of surface wa-
ter level, content, runoff as well as soil moisture, etc. Meanwhile, the oceanic mass change is
observed by the variation of ocean level, bottom pressure and storage. Additionally, the ocean
mass transport is also indicated by the surface temperature, which generally reflects the as-
sociated climate impacts. Different from ocean and land, the atmospheric mass components
are mainly in form of water vapor. Hence, the air pressure and air temperature are important
observed quantities, indicating the water transport in the atmosphere.
2 1.1 Monitoring the terrestrial water cycle
1.1 Monitoring the terrestrial water cycle
The terrestrial part of water mass variation is the main interest of this thesis, despite the oceanic
and atmospheric mass changes are also significant. The hydrological cycle, particularly as the
essential topic in the terrestrial water mass change, will be mainly investigated and discussed.
This section introduces briefly the components of the terrestrial water balance, their measure-
ment, and the data acquisition by various spaceborne sensors.
Theoretically, water mass is gained from rainfall into a river basin, while river runoff and evap-
oration cause water mass loss. As a consequence, such mass gain and loss leads to a change
of the terrestrial water storage. The relationship between precipitation, evaporation and river
runoff, therefore, is mathematically described in terms of the water balance equation
dM
dt
= P− ET − R , (1.1)
where P denotes precipitation, E is evaporation, and R represents river runoff. dM/dt rep-
resents the rate of water mass change, namely water storage flux. This is the fundamental
principle of the terrestrial hydrological cycle.
Measurement of hydrological variables Precipitation, is generally measured using var-
ious type of rain gauges, e.g. the cylinder gauge and wedge gauge. For different purposes,
a variety of recording rain gauge devices are available, e.g. hyetograph for short period, and
totalizer for long-time measurement. Although surface precipitation gauges are considered as
the standard in-situ measurement, some regions still lack observations.
In the recent past, satellite sensors, including both thermal infrared and microwave types, are
used to measure the precipitation by remote sensing. The Tropical Rainfall Measuring Mis-
sion (TRMM), a joint mission by the National Aeronautics and Space Administration (NASA)
and the Japan Aerospace Exploration Agency (JAXA) in 1997, employed microwave sensors to
monitor the tropical precipitation (Huffman et al., 2007). Another joint mission by NASA and
JAXA, namely Global Precipitation Measurement (GPM), building on the success of TRMM,
provides frequent (every 2–3 hours) observations of precipitation (Hou et al., 2014). Unlike
gauge measurements, these modern spaceborne sensors provide observations of precipita-
tion at large-scale. Therefore, global gridded precipitation data is available. A number of
agencies produce the global precipitation dataset with high spatial resolution and dense tem-
poral sampling, e.g. Climate Research Unit (CRU), Global Precipitation Climatology Center
(GPCC), Global Precipitation Climatology Project (GPCP), etc. Based on the satellite observa-
tions, various global precipitation model estimations have emerged with high spatio-temporal
resolution, e.g. European Center for Medium-Range Weather Forecasts (ECMWF) produced
the ERA-Interim reanalysis data, and the Center for Hydrometeorology and Remote Sensing
(CHRS) at the University of California, Irvine (UCI) developed the Precipitation Estimation
from Remotely Sensed Information using Artificial Neural Networks-Climate Data Record
(PERSIANN-CDR) dataset. In this thesis, precipitation from model estimates are employed
for terrestrial water mass change analysis.
3Runoff is the overall volume of water that exits a drainage basin through either the outflow
cross-section (surface or subsurface) or other means. Generally, the runoff in the field is mea-
sured at the reference gauges, e.g. weirs, notches, orifices and meter gates, in terms of wa-
ter velocity. In-situ measurements of runoff are publicly available from several agencies, e.g.
Global Runoff Data Center (GRDC), the Arctic Rapid Integrated Monitoring System (Arcti-
cRIMS) project, Water Survey Canada, the U.S. Geological Survey (USGS), the U.S. Army Corps
of Engineers (USACE), the Environmental Research Observatory (ORE) Geodynamical, Hy-
drological, and Biogeochemical Control of Erosion/Alteration and Material Transport in the
Amazon Basin (HYBAM) project, etc.
Apart from the in-situ runoff measurement, runoff is also modeled on a grid by Land Sur-
face Models (LSMs) that represent the energy and terrestrial water fluxes for climate, weather,
and water resource studies, e.g. the Global Land Data Assimilation Systems (GLDAS) model
produced runoff. Since the declined number of available gauge stations from those runoff
databases leads to a deficiency of runoff measurement in the past decades, it has been practical
to resort to sophisticated hydrological and atmospheric reanalysis models to acquire runoff es-
timates (Trenberth et al., 2007). Recently, spaceborne observations have demonstrated their po-
tential and accuracy of estimating river runoff at catchment scale (Tourian et al., 2013; Sneeuw
et al., 2014; Lorenz et al., 2015). This concept provides us a broad way to estimate runoff in-
stead of in-situ measurement and validate against hydrological model estimates (Alsdorf et al.,
2007).
Evapotranspiration plays a significant role in the water cycle. However, different from precip-
itation and runoff, evapotranspiration is difficult to directly measure and quantify in the field.
One general way to measure evapotranspiration is with the aid of a weighing lysimeter. The
soil humidity is measured by lysimeter and subsequently the evapotranspiration is calculated
by modeling the change of water in the soil. Since the in-situ measurement of evapotranspira-
tion is difficult, in general, it is indirectly calculated using water balance methods, water vapor
transfer methods or energy balance methods (Rana and Katerji, 2000).
In recent decades, spaceborne sensors provide us a useful measure of spatial evapotranspi-
ration. For example, remote sensing satellites provide opportunities for instantaneous snap-
shots of evapotranspiration over large area. Moreover, Light Detection And Ranging (LiDAR)
technology has been used to monitor evapotranspiration remotely, providing detailed and fre-
quent 3D mapping of evapotranspiration (Drexler et al., 2004). With the help of spatial obser-
vations from satellites, the global evapotranspiration datasets are consequently available, e.g.
the high-resolved evapotranspiration dataset from the Global Land-surface Evaporation: the
Amsterdam Methodology (GLEAM), which is calculated based on multi-satellite observations
(Miralles et al., 2011). In this thesis, we acquire the gridded global evapotranspiration from
these datasets.
Spaceborne geodetic sensors for monitoring water mass change In the past decades,
an increasing number of satellites was designed and launched for various purposes, e.g. po-
sitioning, oceanography, cryosphere, hydrology applications, etc (Alsdorf et al., 2007). Since
more spaceborne geodetic sensors provide large-scale terrestrial observations, various studies
has been done on modelling the hydrological variables by the geodetic observations.
The Global Positioning System (GPS), initially a military satellite navigation and positioning
system project, was developed in 1973 by the Department of Defense, USA (Evans et al., 2002).
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It became fully operational in 1994 with the completion of a full constellation of 24 satellites.
Not only accurate positioning information, GPS technology also provides information on sev-
eral components of the terrestrial water cycle. For example, GPS has been used to determine
the integrated precipitable water vapor on various temporal and spatial scales using the signal
delay in the troposphere (Davis and Elgered, 1998). GPS technology is also used to investigate
the hydrological loading from surface displacementen time series (van Dam et al., 2001; Davis
et al., 2004; Tregoning et al., 2009). Moreover, making use of the multi-path effects, the GPS re-
flectometry (GPS-R) is developed to measure the soil moisture (Larson et al., 2008), water level
heights (Larson et al., 2013) and snow depths (Larson et al., 2009).
Radar satellite altimetry offers the possibility to measure sea surface heights globally. The sea
surface height is determined by radar measurement of the distance between the satellite and
the sea surface, based on the location information of the satellite during the measurement and a
number of atmospheric corrections. The altimetric satellite missions (e.g. ENVISAT, TOPEX/-
Poseidon), originally developed for oceanographic and geophysical applications, has already
demonstrated its capability on monitoring the water level of inland rivers and lakes (Berry
et al., 2005; Alsdorf et al., 2007; Papa et al., 2010). Moreover, based on the spaceborne wa-
ter level observations, the river discharge has been estimated by a quantile function approach
(Tourian et al., 2013).
Remote sensing satellite imagery, including optical and Synthetic Aperture Radar (SAR), pro-
vides high resolution images to monitor the surface water extent. For example, utilizing the
images from Moderate Resolution Imaging Spectroradiometer (MODIS), the water extent vari-
ation of lakes and rivers has been successfully captured (Gao et al., 2012; Künzer et al., 2015;
Tourian et al., 2015; Elmi et al., 2016). Hence, the application of satellite imagery contributes
remarkably to the terrestrial water resource monitoring.
Since the launch of the Gravity Recovery And Climate Experiment (GRACE) mission in 2002
jointly by NASA and Deutsches Zentrum für Luft und Raumfahrt (DLR), the global monitoring
of the Earth’s time-variable gravity field has become possible (Tapley et al., 2004). The GRACE
mission, aiming at measuring the variation of Earth’s gravity field, comprises two coplanar
satellites in a low, near circular, near polar orbit with an inclination of 89◦, at an altitude of
around 500 km, separated from each other by a distance of roughly 220 km. The measurement
is established by tracking the inter-satellite range and range-rate between two satellites via
a K-band ranging system. Additionally, accelerometers, GPS receivers, star cameras as well
as laser retro reflectors are embedded on-board on both satellites. The GRACE mission was
designed initially for a 5-year period, and was terminated in 2017, well exceeding its designed
life-time. In principle, the variation of gravity is sensed by the varying distance between the
two satellites. By measuring the variation of distance between the two satellites, the time-
variable gravity field is eventually recovered (Tapley et al., 2004).
As the variations in gravity are caused by the mass transport and redistribution within the
Earth system, the GRACE-observed time-variable gravity field has provided valuable informa-
tion of global mass change, which allows us to determine the large-scale water storage changes
and water balance on monthly time scales (Alsdorf and Lettenmaier, 2003; Riegger and Günt-
ner, 2004). Therefore, the GRACE product has been applied in various areas, e.g. hydrology,
cryosphere, oceanography, and climate studies.
5Figure 1.2: GRACE twin satellites with the Earth’s gravity field (courtesy: GFZ).
Spaceborne observations from GRACE derive the terrestrial water storage and water storage
fluxes, complementing the shortage of ground observations in certain area. Various studies
have demonstrated the capability of GRACE in monitoring the groundwater resources (Rodell
et al., 2007, 2009). GRACE has also been used to close the terrestrial water balance at catchment-
scale (Pan and Wood, 2006; Sheffield et al., 2009; Frappart et al., 2011a; Sneeuw et al., 2014;
Lorenz et al., 2015). In particular, GRACE has been applied to validate and refine the hydro-
logical models (Güntner, 2008; Eicker et al., 2014).
Apart from the applications in hydrology, the capability of GRACE in assessing the continuous
mass loss has been demonstrated in a number of studies, e.g. investigation on the cryospheric
mass loss of ice sheets in Greenland (Baur et al., 2009; Harig and Simons, 2012) and in Antarctica
(Velicogna and Wahr, 2006; Chen et al., 2009), and on the mass change of mountain glaciers in
Himalaya (Matsuo and Heki, 2010) and Alaska (Chen et al., 2006). Moreover, a large amount of
studies took advantage of GRACE in determining the ocean mass change as well as equivalent
sea level rise (Chambers, 2006; Lombard et al., 2007; Chambers and Willis, 2008; Willis et al.,
2008).
Because of the global coverage of GRACE, many researchers have proved the importance of the
use of GRACE for climate studies (Rangelova et al., 2010; Forootan and Kusche, 2012; de Linage
et al., 2013; Eicker et al., 2016). In practice, extreme events, e.g. floods (Seitz et al., 2008; Chen
et al., 2010) and droughts (Long et al., 2013; Thomas et al., 2014), have been inferred by using
GRACE observations. In addition, GRACE is also applied in monitoring the loading induced
deformations (Davis et al., 2004; van Dam et al., 2007; Tregoning et al., 2009; Chen, 2015), com-
bined with the GPS point-wise deformation time series.
The aforementioned spaceborne sensors promote a number of novel approaches in oceanogra-
phy, geophysics, hydrology, hydrometeorology and climatology. Using spaceborne sensors to
observe the hydrological variables is beneficial to both hydrologists and geodesists in support
of global monitoring, with development of new mission concepts and potential improvement
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of spatio-temporal resolution. Therefore, this contribution of spaceborne sensors helps us bet-
ter understand the dynamic water balance.
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Figure 1.3: Illustration of the land-ocean-atmosphere circulation as well as the terrestrial water cycle, in which the
blue arrows indicate the land-ocean-atmosphere circulation, and the black arrows indicate the terrestrial water
cycle. The yellow arrows describe the relationship between climate change and sea surface temperature change.
The blue dashed lines represent the impact of climate change on the terrestrial water mass change.
1.2 Water mass change in ocean-land-atmosphere circulation
Considering the ocean, land and atmosphere as components within the Earth system, the mass
transport between is described as a dynamic circulation. The ocean-land-atmosphere interac-
tion generally refers to the water mass transport, simultaneously with energy exchange (e.g.
heat, moisture, momentum), which induces temperature change. As illustrated in Figure 1.3,
the direct interaction mainly occurs between ocean and atmosphere, and between land and
atmosphere. The river runoff from basin to ocean is the dominant part of direct ocean-land
interaction.
Hence, in such a circulation, the ocean and land are coupled through the atmosphere. The
water fluxes in form of precipitation and evaporation in the ocean-atmosphere interaction, and
in form of precipitation and evapotranspiration in the land-atmosphere interaction. In fact, the
water mass exchange in the land-atmosphere interaction is represented as the terrestrial water
cycle. Since we have already discussed this in 1.1, as a consequence, the ocean-atmosphere
interaction will be particularly discussed in this section. In this thesis, we limit our research
and discussion only to the water mass exchange, regardless of the energy exchange.
71.2.1 Teleconnection
Because of the interaction of ocean-atmosphere and land-atmosphere, the atmospheric circu-
lation transmits the energy and water mass over very long distances to remote regions. As a
consequence, the climatologic variations are communicated through fluxes of heat, moisture,
and momentum by the atmospheric circulation, and transported via large-scale continental
water cycle and ocean circulation in form of precipitation and evaporation (Horel and Wallace,
1981; Wallace and Gutzler, 1981). Thus, the atmospheric circulation can be considered as a
driving factor that affects land and ocean, exhibiting substantial climate variability (Alexander
et al., 2002). This variability represents patterns that occur on various time scales, e.g. from
diurnal, daily, weekly and monthly, to intraseasonal, seasonal, interannual and even secular
scales. Therefore, teleconnections are as a concept to summarize the atmospheric interactions
and describe transport process, and provide a way of quantifying the climate variability into a
set of indices.
Nino 4
Nino 3.4
Nino 3
Nino 1+2
Figure 1.4: Regions which ENSO index represents in Pacific Ocean
The term teleconnection, coined by the British meteorologist Walker (1924) for quantifying the
correlations between atmospheric pressure, temperature and rainfall, was initially used in
atmospheric science to describe the climate links between geographically separated regions
(Glantz et al., 1991). Atmospheric teleconnections link widely separated pressure centers, map-
ping the redistribution of atmospheric mass which associates with climate variability in fine
anomaly patterns (Horel and Wallace, 1981; Barnston and Livezey, 1987). Now it becomes
more general, that a teleconnection map describes the linkage between a region of interest and
all other points in the domain that are farther than the decorrelation length scale of the variable
(Nigam, 2003). In this teleconnection map, the remote region does not necessarily represent the
variation of the same sign to be teleconnected. In practice, contemporaneous variations with
opposite signs are often phenomena in the teleconnections. The teleconnection based on the
contemporaneous correlations of variables, however, cannot discriminate between the forcing
and response regions by itself. Thus, a teleconnection map in climate science provides a large
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spatial scale and long time scale patterns of climate variability, reflecting the impact of regional
climate anomalies on the remote regions.
Table 1.1: Common used climate indices, including their full names, acronyms, observable and using methods.
Index full name Acronym Observable Method
Southern Oscillation Index SOI SLP anomaly
El Ninõ Southern Oscillation ENSO SST anomaly
Multivariate ENSO Index MEI SLP anomaly, SST anomaly, PCA
Surface wind zonal components,
Surface wind meridional components,
Sea air temperature,
Total cloudiness fraction of the sky
Pacific Decadal Oscillation PDO SST anomaly PCA
Oceanic Nino Index ONI SST anomaly
Arctic Oscillation AO Geopotential height anomaly PCA
(or Northern Annular Mode) (or NAM)
North Atlantic Oscillation NAO SLP anomaly PCA
Antarctic Oscillation AAO Geopotential height anomaly PCA
(or Southern Annular Mode) (or SAM)
Palmer Drought Severity Index PDSI Land surface temperature anomaly, Dai et al. (2004)
Precipitation,
Soil moisture, streamflow
Pacific North America PNA Geopotential height anomaly RPCA
Teleconnection patterns have widely been extracted from correlation analysis. Correlation anal-
ysis, as a measure of constructing the teleconnection maps, is intuitive and straightforward.
The knowledge of the correlation between two points is represented as the teleconnection map.
For example, the assessment of the North Atlantic Oscillation (NAO), the North Pacific Oscil-
lation/West Pacific (NPO/WP), and the Pacific-North America (PNA) was pioneered via cor-
relation analysis by (Wallace and Gutzler, 1981). Principal component analysis (PCA) is also
widely applied for determining teleconnections (Giannini et al., 2000; Diaz et al., 2001). The ob-
tained teleconnection patterns are spatially and temporally orthogonal. Moreover, an advanced
PCA method, named rotated principal component analysis (RPCA), has become popular in
yielding teleconnection patterns, which are no longer constrained to be orthogonal (Barnston
and Livezey, 1987; McCabe et al., 2004). Alternatively, an empirical orthogonal teleconnection
(EOT) analysis has been developed to identify the teleconnections, by finding a component that
explains the most variance using linear regressions (Van den Dool et al., 2000). In recent stud-
ies, other statistical methods, e.g. the independent component analysis (ICA) (Forootan and
Kusche, 2012; Eicker et al., 2016), and the multi-channel singular spectrum analysis (MSSA)
(de Linage et al., 2013) , have also successfully been applied to identify the teleconnection pat-
terns for climate studies.
91.2.2 Climate variability and climate indices
A climate index is a simple proxy quantity that is used to characterize an aspect of a geophys-
ical system, i.e. a circulation pattern of climate variability. Commonly, the climate indicies
are generated based on the selected stations, grid points or using regional average data (eg.,
Southern Oscillation Index (SOI), Nino 3.4 (see Figure 1.4)). As summarized in Table 1.1, some
indices are based upon PCA (eg. AO, NAO) or RPCA (eg. PNA). Most indices use a single
variable (eg. SLP, SST, geopotential height, precipitation, etc.), while some other indices (e.g.
MEI, PDSI) use a combination of variables (e.g. air temperature, surface wind, precipitation,
etc.). Particularly, some indices are known by several names, eg. the Nouthern Annular Mode
(NAM), Southern Annular Mode (SAM) are also known as the Arctic Oscillation (AO), Antarc-
tic Oscillation (AAO), respectively. In addition, some indices have minor controversial issues.
For example, the physical distinction from NAO (Hurrell, 1995) and North Pacific (NP) (Tren-
berth and Hurrell, 1994) indices is not completely agreed upon by researchers that might result
in user confusion. Further, use of different source data sets, different base periods, and different
normalization yield different index values.
The El Niño Southern Oscillation (ENSO) — is a quasi-periodic fluctuation (every 2–
7 years) in sea surface temperature (El Niño) and air pressure of the overlying atmosphere
(Southern Oscillation) across the equatorial Pacific Ocean. ENSO is considered as the most
dominant source of global inter-annual variability of climate. The presence of an El Niño, or
its opposite, La Niña, sufficiently modifies the general flow of the atmosphere to affect normal
weather conditions in many parts of the world.
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Figure 1.5: ENSO indices: Nino 1+2, Nino 3, Nino 4, Nino 3.4.
Historically, ENSO is characterized by simple indices (Nino 1+2, Nino 3, Nino 4, Nino 3.4),
defined by a consecutive 5-month running mean of sea surface temperature (SST) anomalies in
a certain region of the equatorial Pacific, as shown in Figure 1.4 and 1.5. The most commonly
used region is the Niño 3.4 region (5◦S–5◦N and 170◦W–120◦W), and the most commonly used
threshold is a positive SST departure from normal greater than or equal to +0.5◦ (Trenberth,
1997). Positive values of the index indicate El Niño conditions, corresponding to warm sea
surface temperature, while negative values can be interpreted as La Niña (cold) conditions,
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as illustrated in Figure 1.5. The ENSO index used in this thesis is produced by the National
Oceanic and Atmospheric Administration (NOAA)’s Climate Prediction Center (CPC) (ftp.
cpc.ncep.noaa.gov/wd52dg/data/indices available till 2018). According to the spectra
of ENSO indices in Figure 1.6, all the indices represent the mean periods of 3 years and 1.5 years
(i.e. frequencies of 1/3 and 2/3 cycle per year), which reveals the inter-annual variability of
ENSO.
Apart from these four ENSO indices, other ENSO-related climate indices have also been pro-
duced, e.g. the SOI (Trenberth, 1984; Trenberth and Hoar, 1996; Trenberth and Caron, 2000),
the Multivariate ENSO Index (MEI) (Wolter and Timlin, 1998), the Oceanic Nino Index (ONI)
(Trenberth and Stepaniak, 2001), and the Pacific Decadal Oscillation (PDO) (Zhang et al., 1997;
Mantua et al., 1997). Accordingly, ENSO indices are calculated through SST anomalies while
SOI is based on SLP. The MEI is calculated as the first unrotated PC based on the six main
observed variables (i.e. sea-level pressure (P), zonal (U) and meridional (V) components of
the surface wind, sea surface temperature (S), surface air temperature (A), and total cloudiness
fraction of the sky (C)) over the tropical Pacific. Different from ENSO indices, MEI is a bi-
monthly index. Unlike Nino 3.4, ONI is calculated using a 3-month running mean instead of a
5-month running mean. PDO is characterized as the leading PC of the monthly SST anomalies
in the northern Pacific Ocean.
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Figure 1.6: Power spectrum of 4 ENSO indices time series. All of them show strong frequency at or close to 0.34
and 0.65, which presents 3-year and 1.5-year cycle.
Climate change brings more frequent extreme events and causes abnormal variation of the ter-
restrial water cycle. ENSO is one of the most important climate phenomena, reflecting ocean-
atmosphere interactions over the equatorial Pacific (Trenberth and Stepaniak, 2001). However,
ENSO as a phenomenon is not restricted to only in Pacific but also has a globally great impact
(Glantz et al., 1991; Trenberth et al., 2002; Cai et al., 2012). ENSO dominantly influences rainfall
in terms of moisture advection from ocean to land, consequently impacts on evaporation and
runoff, and eventually affects the terrestrial water cycle. A possible connection between ENSO
and terrestrial hydrological variables, like precipitation, evaporation, and runoff, has been in-
vestigated in many regions. Previous studies found the significant relationship of precipitation
(Ropelewski and Halpert, 1987; Ronchail et al., 2002; Boulanger et al., 2005) and stream flow
(Chiew and McMahon, 2002; Tootle and Piechota, 2006; Johnson et al., 2013) with ENSO at
inter-annual scales in various regions. Generally, terrestrial water storage reflects the water
balance and, therefore, is influenced as well by global and regional climate change. Güntner
et al. (2007) indicated that the inter-annual variation of terrestrial water storage is associated
with ENSO using a hydrology model. After more than a decade of observations with suffi-
cient temporal and spatial resolutions, GRACE has shown to be capable of monitoring water
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mass variation and redistribution (Volkov and Landerer, 2013). Although the terrestrial wa-
ter cycle commonly behaves strongly seasonally, the inter-annual variability of water storage
has been observed by GRACE at different spatial scales. Various studies have revealed the
GRACE-observed interannual water storage change relates to the extreme climate conditions
(Humphrey et al., 2016; Kusche et al., 2016). Moreover, recent studies have explored the corre-
lation patterns with ENSO in GRACE observations globally (Phillips et al., 2012; Ni et al., 2017)
and regionally (Chen et al., 2010; García-García et al., 2011; de Linage et al., 2013; Forootan
et al., 2014; Awange et al., 2014; Luo et al., 2016).
1.3 Motivation and Objectives
The insufficient spatial and temporal resolution of GRACE limits its use in regional applica-
tions. Conversely, the hydrological variables, either from the model estimates or from the
spaceborne observations, can also be employed for GRACE to monitoring the global water
mass variation. Moreover, regarding the important role of ocean-atmosphere interaction in the
climate change and the indirect linkage of water mass exchange between ocean and land, the
anomalous variation of the global terrestrial water mass is potentially relevant to the climate
variability in a certain region. Despite the limited monthly solutions of GRACE, as illustrated
in Figure 1.7, the temporal scale of both hydrological water cycle (from intraseasonal to in-
terannual) and climate variability (from seasonal to interannual, even to decadal) is visible in
GRACE observations (Sneeuw et al., 2005).
GRACE-observed mass change 
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Figure 1.7: Temporal scales of the GRACE observation, the hydrological cycle, and the climate variability.
Therefore, this thesis is motivated by the following four questions:
• Can the terrestrial water storage be estimated via other hydrological variables?
• Can the spatial resolution of GRACE be downscaled through fine resolved hydrological
observations?
• Can the signature of climate variability on terrestrial water storage be identified?
• How can we interpret the teleconnection between climate variability and terrestrial water
cycle via ocean-land-atmosphere interaction?
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In order to answer these questions, the objectives of this thesis are divided in two individual
topics:
• Assessing the water mass change in the terrestrial water cycle;
• Interpreting the water mass exchange in the ocean-land-atmosphere interaction.
Assessing the water mass change in the terrestrial water cycle
To assess the terrestrial water mass change in the water cycle, we aim to estimate the the con-
tinental water storage using multiple hydrological variables. Estimating the terrestrial water
storage variation with the aid of hydrological observations is practically realistic and feasible.
In recent studies, the water storage change in large-scale basins is predicted by a parametric
spectral method given precipitation observations (Reager and Famiglietti, 2013). Apart from
hydrological observations, the terrestrial water storage has been estimated by a set of climate
indices as proxy that represent significant teleconnections between water storage change and
SST anomalies, using an empirical statistical approach (de Linage et al., 2014). Regarding the
temporal relationship between climate change and water storage, an auto-regressive model has
been employed to predict regional water storage change, using multiple variables (e.g. precipi-
tation, SST, climate indices) (Forootan et al., 2014). Hence, we propose to model the relationship
between water storage and hydrological variables by statistical approaches.
Moreover, the spatio-temporal sampling of observations is important for the assessment of
terrestrial water mass variation. Concerning the limited spatial and temporal resolution of
GRACE and high resolution of hydrological observations, we explore to make up for the de-
ficiency of GRACE by hydrological variables. In practice, a few studies have made efforts
on downscaling of GRACE by incorporating with other hydrological variables (Seyoum and
Milewski, 2017; Miro and Famiglietti, 2018). This challenge of downscaling will be attempted
by a statistical assimilation in this thesis.
Interpreting the water mass exchange in the ocean-land-atmosphere interaction
We aim at the teleconnection patterns between climate variability and terrestrial variables, in
order to understand the water mass exchange among ocean, land and atmosphere. As cli-
mate change is commonly reflected by the ocean-atmosphere circulation, a variety of climate
indices is characterized statistically by the oceanic and atmospheric variables (e.g. SST, SLP, air
pressure, etc.). Inter-annual changes in SST are found to relate to the terrestrial water cycle in
river basins (Diaz et al., 1998; Gochis et al., 2007; McCabe and Wolock, 2014). Since amount of
climate indices are characterized by adopting SST as the indicator, as shown in Table 1.1, con-
sequently we use SST as an intermedium to explore the teleconnection between the continental
water storage and climate variability. Apart from water storage, other terrestrial variables (e.g.
precipitation, evaporation and runoff), as the major drives in the terrestrial water cycle, are
expected to be connected to climate variability as well. Land surface temperature (LST) is a
significant indicator of climate change and terrestrial water resource. Particularly, the rela-
tionship between evaporation and LST is characterized in dry and cold climate condition (Sun
et al., 2016). Hence, the LST is also involved in our study.
Climate warming has a great impact on the Arctic, which leads to extreme events (Honda et al.,
2009; Francis and Vavrus, 2012; Kug et al., 2015). Terrestrial water resources in the pan-Arctic
have teleconnections to the climate warming on Arctic (Rouse et al., 1997; Morison et al., 2007;
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Kim et al., 2017). Numerous studies indicate the Arctic and Eurasia are mainly under the influ-
ence of Arctic oscillation and North Atlantic oscillation (Wanner et al., 2001; Déry and Wood,
2004; Peterson et al., 2006; Peralta-Ferriz et al., 2014). However, whether ENSO has a signa-
ture as well on boreal regions is still an unanswered question. Some studies (Jevrejeva et al.,
2003; Matsuo and Heki, 2012) indicate that ENSO likely has influence on high latitude region.
This motivates us to focus on detecting the signature of ENSO in boreal regions. In addition,
the causal relationships between terrestrial variables and ENSO is essential for interpreting the
relevancy of the inter-annual change of terrestrial water storage to the climate variability. To
investigate such a cause and effect, we resort to estimation of the phase/time delays in our
study.
From above, to fulfill our objectives of this thesis, we propose a comprehensive study including
the following four tasks:
• Estimating the continental water storage at catchment scale by multiple hydrological vari-
ables, using statistical regression models.
• Statistical downscaling the spatial resolution of GRACE by assimilating GRACE with
variables from high resolution hydrological models.
• Identifying the teleconnection between ENSO and terrestrial water cycle in pan-Arctic
region, and specifically in the boreal catchments, through SST anomalies.
• Investigating the causal relationship between ENSO and terrestrial variables through
time leads/lags.
To estimate the terrestrial water mass change by hydrological variables and to explore the sig-
nature of climate change (e.g. ENSO) on the terrestrial water variation, it is of great importance
to employ a proper approach. Several statistical analysis tools are introduced in various stud-
ies. Hilbert transformation is introduced to analyze the influence of ENSO on terrestrial water
storage (TWS) (Phillips et al., 2012). The global connection between TWS change and ENSO is
directly examined by using cross-correlation and coherence spectrum analysis (Ni et al., 2017).
Signal decomposition techniques are commonly used to extract the dominant spatio-temporal
patterns of long-term and inter-annual components from observations. PCA is powerful for
finding interrelations between variables in the data, interpreting the features of data, and de-
creasing the number of variables to reduce the dimension of data. It is adopted by Rangelova
et al. (2007) and Schmidt et al. (2008) on GRACE observations. Frappart et al. (2011b) and Fo-
rootan and Kusche (2012) improved the decomposition approach by independent component
analysis (ICA). It has the advantage that it can find dominant components with statistical inde-
pendence. Eicker et al. (2016) applied a complex ICA on TWS from GRACE and successfully
isolated an ENSO mode from the signals. A multi-channel singular spectrum analysis (MSSA)
was applied on extracting inter-annual signals from GRACE (Rangelova et al., 2010). As a mul-
tivariate method, it is capable to isolate trend and nonlinear oscillations of notable periodicity
in noisy and short data sets. de Linage et al. (2013) linked sea surface temperatures with terres-
trial water storage observed by GRACE using MSSA. A seasonal trend decomposition using
the loess (STL) approach has been used in (Humphrey et al., 2016) to assess the temporal vari-
ability of water storage. Another multivariate method, canonical correlation analysis (CCA),
has also been used in climate and water resource studies (Ouarda et al., 2001; Busuioc et al.,
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2001; Barros and Silvestri, 2002). CCA is based on the joint data sets to extract the linear combi-
nation from two different fields. Different from other approaches, CCA has the advantage that
it correlates linear relationship between two different variables in terms of canonical modes,
regardless of units. Concerning the different units of temperature and equivalent water height,
CCA is thus an appropriate approach to associate SST with terrestrial observations. Moreover,
the advantage of extracting canonical modes from joint datasets can also be used in the model
regressions. In order to achieve sufficient spatial resolution, a statistical downscaling of GRACE
is attempted by assimilating multiple variables, i.e., precipitation, evapotranspiration, runoff,
from a set of hydrological models. This assimilation is accomplished by implementation of a
partial least-squares regression approach, which is based on the idea of CCA.
1.4 Outline
In line with the aforementioned two aspects as well as the given tasks, thus, this thesis is orga-
nized as follows.
Chapter 2 contains a solid theory of signal decomposition techniques and regression ap-
proaches, which are the mathematical foundations of the following chapters. The signal
decomposition methods are employed mainly in Chapter 5 for teleconnection pattern analysis.
The regression algorithms, some of which are based on the previous decomposition techniques,
are implemented in Chapter 3 for modeling the terrestrial water mass variation.
Chapter 3 is the kernel part of the thesis. It firstly introduces the theory to derive the equivalent
water height from GRACE, and characterizes the relationships between terrestrial water mass
change and other hydrological variables as a statistical foundation for modeling. Later on, four
different regression approaches are applied to estimate the terrestrial water storage change.
In addition, a spatial downscaling of GRACE is achieved using a hydro-geodetic assimilation
approach.
Chapter 4 aims to analyze the temporal delay between each variable in the water cycle to better
understand the terrestrial water dynamics, and to interpret the causal relationship between ter-
restrial water mass variation and climate change as a preliminary step for investigating the tele-
connection. In order to establish this goal, two methods: Hilbert transformation and wavelet
transformation, which will also be used in Chapter 5, are addressed before the numerical anal-
ysis.
Chapter 5 is as important as Chapter 3. To investigate the teleconnection patterns between
terrestrial water storage in boreal catchments and ENSO, Chapter 5 represents the applications
of PCA, ICA and CCA on terrestrial variables as well as climate variables in a comprehensive
way.
Chapter 6 briefly summarizes the achievement of the thesis, draws the conclusions and pro-
vides an outlook.
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Chapter 2
Signal Decomposition Techniques and
Regression Approaches
Generally, complicated physical mechanism are behind the global and regional changes, like
terrestrial water mass change, glaciers and ocean mass change. As a consequence, the observa-
tions in geoscience contain various types of variability, i.e., linear trend, annual, semi-annual
or interannual variations, which cannot be simply recognized. Therefore, an appropriate sta-
tistical method is required to extract these significant variabilities from observed signals.
Several non-parametric statistical analysis tools have been employed in geodetic and hydro-
logical studies. Principal component analysis (PCA) is adopted by Rangelova et al. (2007)
and Schmidt et al. (2008) on GRACE observations. PCA is a powerful technique for finding
relations between variables in the data, interpreting the features of data, and decreasing the
number of variables to reduce the dimension of data. Frappart et al. (2011b) and Forootan
and Kusche (2012) improved the decomposition approach by independent component analysis
(ICA), which has the advantage of finding dominant components with statistical independence.
Eicker et al. (2016) applied a complex ICA on TWS from GRACE and successfully isolated the
ENSO mode from the signals. Another multivariate method, canonical correlation analysis
(CCA), has also been used in climate and water resource studies (Ouarda et al., 2001; Busuioc
et al., 2001; Barros and Silvestri, 2002). CCA is able to identify joint modes in two different
variables. Different from other approaches, CCA has the advantage of linearly correlating two
different variables, regardless of units. CCA may even be improved to recognize the nonlinear
relationship of signals (Hsieh, 2001).
It is necessary to establish a proper framework to model the relationship between terrestrial
water mass variation with other variables in the water cycle. Several multivariate linear re-
gression techniques, like least-squares prediction, principal component regression, and partial
least-squares regression, can be used to model the spatio-temporal linear relationship in a sta-
tistical way.
In this chapter, PCA is introduced firstly from the view of both eigenvalue decomposition and
singular value decomposition. We also explain the principle and generic algorithm of ICA.
To explore the mutual characteristics in different variables, CCA is introduced as an impor-
tant method. Additionally, the numerical performances of each method are illustrated, and the
comparisons between PCA and ICA, PCA and CCA are discussed as well in the end. Multivari-
ate linear regression approaches (i.e., least-squares prediction, principal component regression,
and partial least-squares regression) which are used in this thesis, are introduced as well.
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2.1 Principal component analysis
Principal component analysis (PCA) (Jolliffe, 1986) seeks structures that explain the maximum
amount of variance in a two-dimensional data set. In general, the optimal directions with max-
imally distributed observations are formulated as orthogonal eigenvectors, which are called
empirical orthogonal functions (EOFs). The decomposed observations, known as principal
components (PCs), are obtained by projecting the observations along those directions. Both of
the structures are orthogonal in their own dimension.
The PCs can be interpreted as a new set of variables created from the original variables. Each
of the new variables is a linear combination of the original variables. EOFs and PCs are the
structures that explain the most variance in a data set. The first principal component has the
maximum variance among all possible choices, as illustrated in Figure 2.1.
Let us assume that we have measurements of some variable at locations s = 1, 2, . . . , d, taken
at epochs t = 1, 2, . . . , n. For each epoch we can think of the measurements xs(s = 1, 2, . . . , d)
as a map of field. We store these measurements in a matrix X as n maps each being d samples
long
X =

x1,1 x1,2 . . . x1,d
x2,1 x2,2 . . . x2,d
...
...
. . .
...
xn,1 xn,2 . . . xn,d
 = [x1,s x2,s . . . xn,s]T = [xt,1 xt,2 . . . xt,d] . (2.1)
Generally, when assessing the variability of the field, one of the dimensions of X gets removed
and we are left with a measure of the dispersion of the structure with itself across the spatial
dimension or temporal dimension. Hence, we obtain the temporal variance-covariance matrix
of data X along the spatial dimension by
CXX = Ctemporal = XXT/d
=
1
d

∑ds=1 x21,s ∑
d
s=1 x1,sx2,s . . . ∑
d
s=1 x1,sxn,s
∑ds=1 x2,sx1,s ∑
d
s=1 x22,s . . . ∑
d
s=1 x2,sxn,s
...
...
. . .
...
∑ds=1 xn,sx1,s ∑
d
s=1 xn,sx2,s . . . ∑
d
s=1 x2n,s
 , (2.2)
or spatial variance-covariance along the temporal dimension by
CXX = Cspatial = XTX/n
=
1
n

∑nt=1 x2t,1 ∑
n
t=1 xt,1xt,2 . . . ∑
n
t=1 xt,1xt,d
∑nt=1 xt,2xt,1 ∑
n
t=1 x2t,2 . . . ∑
n
t=1 xt,2xt,d
...
...
. . .
...
∑nt=1 xt,dxt,1 ∑
n
t=1 xt,dxt,2 . . . ∑
n
t=1 x2t,d
 . (2.3)
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The n× n covariance matrix Ctemporal in (2.2) is the covariance between different time epochs,
obtained by projecting on the sample of different spatial points. The dimension of space disap-
pears and we get an n× n matrix. Similarly, Cspatial in (2.3) denotes the d× d covariance matrix
of spatial locations with each other.
Figure 2.1: Illustration of PCA principle. The first component point to the direction of maximum variance, and
then the following components are projected orthogonal to the previous one.
As illustrated in Figure 2.1, each component is statistically uncorrelated with others. Thus, the
decomposed components are orthogonal with each other in their covariance matrix. In other
words, PCA eventually aims to find out the optimal linear transformation matrix E that makes
the covariance matrix CPP of the transformed matrix P to be diagonal, for example, expressed
as
P = X · E , with CPP = PPT = Λ , (2.4)
in which the vectors in P are orthogonal, and the vectors in E are both orthogonal and normal-
ized, ETE = I. Clearly, since X is a n× d matrix, each pair of columns from P and E represent
one single mode. Thus, P contains the temporal modes, while E interprets the modes in space,
as depicted in Figure 2.2. The first mode from PCA always contains the most important infor-
mation from data X. Accordingly, the diagonal matrix Λ contains the variance of each mode,
which writes
Λ =

σ21
σ22
. . .
σ2r
 , (2.5)
where r is the number of the decomposed modes. Hence, in this case, the matrix X is decom-
posed by PCA, in terms of matrix as,
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X = P · ET . (2.6)
where P is named as principal component (PC). Generally, the eigenvectors E are called Empirical
Orthogonal Functions (EOFs) (Jolliffe, 1986; Preisendorfer, 1988). Empirical because they are
derived from data, orthogonal because they are orthogonal with each other. To accomplish the
decomposition of matrix X by PCA, the task becomes to identify the transformation matrix P
and E in order to diagonalize the covariance matrix from CXX to Λ.
= 
mode space mode 
space time time P X E 
𝑛 × 𝑟 𝑛 × 𝑑 
𝑑 × 𝑟 
Figure 2.2: Illustration of PC and EOF matrices of data X.
For geodetic applications, in this thesis, we generally assume that we have observations of
one variable with dlon longitudes and dlat latitude in space, taken at n time epochs. For each
time epoch t, we have observations at certain location. So the X(n × (dlon × dlat)) is three-
dimensional matrix. We rearrange X into a two-dimensional matrix by storing all the locations
at one epoch in a row vector in X, so that the size of X becomes n× d, where d equals dlon× dlat.
Thus, we simply interpret each of the n columns in X as a time series for a given location,
whereas its row contains the entire data from all locations per time epoch. In this case, applying
PCA on this geodetic observation matrix, we finally gain the principal components in terms of
time series, and simultaneously the orthogonal eigenvectors in terms of maps, which represents
the features in space.
2.1.1 Singular value decomposition
Singular value decomposition (SVD) is a general decomposition of a matrix, which was in-
troduced into numerical analysis by Golub and Kahan (1965). The computational algorithms
were systematically summarized by Stewart (1993). In principle, any t × n matrix X can be
decomposed uniquely as
X = U · Σ ·VT , (2.7)
where U(n × r), V(d × r) are both orthonormal here, we have UTU = I and VTV = I. The
diagonal matrix Σ(r × r) contains singular values of matrix X. r = rank(X) = rank(Σ), is
the rank of X. The column space of X is spanned by the first r columns of U, and the row
space of X is spanned by the first r columns of V. The columns of U and V are linked by the
singular values contained in the diagonalized matrix Σ. The singular values in Σ represent the
amplitude, however, not the variance.
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Figure 2.3: Illustration of U, Σ, V matrices of data X.
Geometrically, we can think of U and V as 2-D rotation matrices, and Σ as scaling matrix
(Strang, 1993). As an example illustrated in Figure 2.4, SVD can be interpreted as a sequence of
transformation of X based on the unit vectors e = [e1 e2]T in the case that X has dimensions
n = d = 2. After rotation by VT, stretching by Σ, and rotation by U again, we get X as
Xe = UΣVTe . (2.8)
Figure 2.4: Illustration of SVD principle as a linear transformation process.
Considering the following decomposition on the covariance matrix of X, so we have
XXT = UΣVTVΣUT = UΣ2UT ,
XTX = VΣUTUΣVT = VΣ2VT .
(2.9)
Hence, we know that the columns of U are the left singular eigenvectors of XXT, and the
columns of V are the right singular eigenvectors of XTX. In this case, the values in Σ2 represents
the singular values of covariance matrix of X.
If we right multiply X by V, we get
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XV = UΣVTV = UΣ , (2.10)
from which derives (UΣ)T(UΣ) = ΣTΣ. According to (2.4) and (2.6), V fulfills the condition
that makes the covariance matrix of transformed XV diagonal. Thus, P = UΣ is seen as PC of
X, and V is the corresponding EOF. Similarly, if we multiply U with XT, then we obtain
XTU = VΣUTU = VΣ , and (VΣ)T(VΣ) = ΣTΣ . (2.11)
In this case, P = VΣ is seen as PC of XT, and U is the corresponding EOF. Thus, either U or
V can be chosen to represent PCs when combining with the singular value matrix Σ. In other
words, both U and V represent the modes in X, and the amplitudes of each mode are reflected
by Σ.
On one hand, SVD can be seen as a method for transforming correlated variables into a set of
uncorrelated ones and presenting the relationships among each other. On the other hand, SVD
is also a method for identifying and ordering the data based on the variance. In addition, we
can also apply SVD for data reduction of X. From this view, SVD is essentially and widely used
in PCA decomposition. If we take the two-dimensional data matrix of spatial dimension and
temporal dimension, and do the direct SVD of this matrix, we recover the normalized EOFs,
singular values, and normalized PCs in one step. It can be applied to find both the EOFs and
PCs simultaneously (Preisendorfer, 1988).
2.1.2 Eigenvalue decomposition
As the data matrix X is defined in (2.2) and (2.3), we know that the variance-covariance matrix
of X can be calculated either along temporal dimension or spatial dimension. In this thesis, the
covariance matrix is primarily calculated by (2.3), i.e., CXX = Cspatial = XTX/n. Statistically,
it contains only the information of covariance at each grid point, and reflects the dependence
of any two grid points. CXX is simply written to represent the Cspatial in the following content.
Therefore, we discuss the eigenvalue decomposition of CXX in the case of CXX = XTX/n as an
example.
The aim of PCA is to find directions e in the data X, so that the projection of X on e has the
maximum variance, as shown in Figure 2.1. The vector e is an eigenvector of CXX, which
satisfies eTe = 1. The variance of Xe is calculated by
1
t
(eTXT)(Xe) = eTCXXe . (2.12)
Therefore, finding a projection that maximizes the projected variance of Xe, which writes
max(eTCXXe), is equivalent to the solution of PCA, according to (2.4). To solve the equation
above, CXX can be decomposed in the following way through a diagonalization,
CXXe = λe , (2.13)
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since e = [e1, e2, . . . , ei]T. To find the e, we can use any number of standard techniques to solve
the system
(CXX − λI)e = 0 . (2.14)
The set of eigenvectors e and associated eigenvalues λ represents a coordinate transformation
into a coordinate space where the matrix CXX becomes diagonal. In terms of linear algebra,
we put the eigenvectors e into columns of the matrix E. Accordingly, the issue turns to find a
transformation E that can diagonalize the covariance matrix CXX. So we have
CXXE = EΛ , (2.15)
in which the elements of the diagonal matrix Λ are the eigenvalues of CXX (Jolliffe, 1986), E
contains the eigenvectors with respect toΛ. (2.15) is the so called eigenvalue decomposition (EVD)
of CXX.
Because the covariance matrix CXX is diagonal in this new coordinate space, the variations in
these new directions are uncorrelated with each other. The eigenvectors define directions in
the initial coordinate space along which the maximum possible variance can be explained. The
variance explained in this direction is orthogonal to the variance explained by other directions,
which is defined by the other eigenvector. Comparing with (2.4) and (2.5), we find that (2.15)
fulfills the condition of PCA, which diagonalizes the covariance matrix from CXX to Λ. There-
fore, eigenvalue decomposition is constantly used for PCA applications.
Here, the eigenvectors E denote EOF. The first EOF e1 thus contains the dominant pattern, as
λ1 is distinctly larger than the other eigenvalues. Accordingly, if we project the original data
X on the new basis e, we obtain the decomposed PCs, written as P = XE. The ith EOF (ei), is
corresponding to the ith PC pi = Xei. Therefore, we have
P = XE ,
X = PET ,
(2.16)
since EET = ETE = I. Each associated pair {pi, ei} is named mode of variability in X
(Preisendorfer, 1988). In addition, pi, known as PCi, reflects the temporal amplitudes of data
on basis vector ei.
Here, P and E, in (2.16), have r number of PCs and EOFs, where r denotes the number of non-
zero eigenvalues in Λ. r depends on the rank of data X. In our example, since covariance
matrix CXX is calculated by CXX = XTX/t, the eigenvectors E (i.e., EOFs) represent the modes
in the spatial domain. Complementary, the PCs represent temporal modes. In other words,
PCA expands X in terms of a new set of temporal PCs associated with spatial uncorrelated
maps known as EOFs.
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2.1.3 Links between EVD and SVD
To illustrate the relationship between SVD and EVD, we first look at the covariance matrix CXX
from SVD. As defined in (2.7) that X = UΣVT, we have
CXX = (UΣVT)T(UΣVT)/n
= VΣTUTUΣVT/n
= VΣTΣVT/n ,
(2.17)
because UTU = I. From EVD in (2.15), we obtain
CXX = EΛET . (2.18)
Hence, in this case, we infer that
V = E, and Λ = ΣTΣ/n . (2.19)
In (2.19), a factor n, the sample size, is between the eigenvalues Λ of the covariance matrix C,
and the singular values Σ of the original data matrix.
According to (2.18), we find that SVD implementation either on covariance matrix CXX or di-
rectly on data matrix X does not change the eigenvectors E, but change the amplitude of sin-
gular values. In brief, the EVD can be understood as SVD of covariance matrix CXX. SVD on
covariance matrix CXX makes the singular values from Σ to Λ, which is explained by (2.19).
Comparing (2.7) with (2.16), PCA implemented by EVD can only normalize either EOF or PC,
while both two normalized eigenvectors are obtained by SVD. The former depends on the
purpose of application to normalize either EOFs or PCs. If we choose to normalize the spatial
modes in order to reflect the real amplitude in time, then we obtain the unnormalized temporal
modes containing the information of variance. And vice versa.
As a result, either by EVD or by SVD, a set of observations can be separated into different modes
of variability, which reveal both spatial and temporal variation. In the following chapter, PCA
is therefore applied on our geodetic and hydrological datasets in order to gain the individual
modes for analysis. In the following content, we express the PCA decomposition as
X = UVT , (2.20)
in which U, V stand for PCs and EOFs, instead of X = PET in (2.16) and X = UΣVT in (2.7).
U, V are not necessarily both normalized in this form.
Numerical illustration A simulation is introduced here to test the performance of PCA on
separating significant components from a mixture of signals. The source signals in Figure 2.5(a)
contain a linear trend, two sinusoidal signals with different periods, and random Gaussian
noise, see Table 2.1. Each of the simulated observation y, as shown in Figure 2.5(b), are mixed
by an arbitrary linear combination of the source signals x1, x2, x3, x4,
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y = w1 · x1 + w2 · x2 + w3 · x3 + w4 · x4 , (2.21)
where w1, w2, w3, w4 represent the weights of source signals.
Table 2.1: Simulated source signals with certain parameters.
Source signal Parameters
Linear trend
a = 0.05, b = 1
x1 = at + b
Sinusoidal signal 1
a1 = 1, b1 = 0,ω1 = 0.1, φ1 = 0.5x2 = a1sin(ω1t + φ1) + b1cos(ω1t + φ1)
Sinusoidal signal 2
a2 = 0, b2 = 1,ω2 = 0.05, φ2 = 0x3 = a2sin(ω2t + φ2) + b2cos(ω2t + φ2)
Random noise
e ∼ N(0, 1)
x4 = e
(a) Source signals (b) Mixed signals (c) Principal components
w1 = 0.01, w2 = 1 , w3 = 0 , w4 = 0.01
w1 = 0, w2 = 5, w3 = 0, w4 = 0.01
w1 = 0, w2 = 0, w3 = 2, w4 = 0.01
w1 = 0.01, w2 = 1, w3 = 0.1, w4 = 0.01
Figure 2.5: Numerical performance of PCA on a set of mixed signals. Principal components are shown in a
descending order of variance.
We successfully apply PCA decomposition on these mixed signals, and then obtain the decom-
posed signals as principal components shown in Figure 2.5(c). The source signals are success-
fully separated in a descending order of variance by PCA from mixed signals. The first mode
separated by PCA expresses the component with most information. If we discard the four
mode of white noise, and reconstruct the rest modes into observations, then it can be regarded
as a filtering process.
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As a result, PCA is a powerful method to separate signals into its principal components. The
first several components represent significant information in observations. According to this
property, PCA is widely used in compression of data and feature recognition in geodetic and
hydrological applications.
2.2 Independent component analysis
For data with non-Gaussian distribution, only using covariances or correlations will not be
sufficient to distinguish the statistical dependence in the data structures. Therefore, higher
than second-order statistical information needs to be explored, in which case ICA is necessarily
introduced (Hyvärinen, 1999).
In contrast to PCA, which deals with the second-order statistical moments of a data distri-
bution, independent components analysis (ICA) focuses on higher order moments in the de-
composition. ICA is a computational method for separating multivariate signal into additive
subcomponents that are maximally independent. All the subcomponents are assumed non-
Gaussian signals and statistically independent.
2.2.1 Blind source separation and statistical independence
Blind source separation ICA is described as a signal separation technique, which is able
to recover the source signals from the observations.
Let us assume that the data X is a linear mixture of some statistically independent source sig-
nals S. We often even assume that the number m of sources S is the same as the dimensionality
n of the data. The data is generated by mixing the sources linearly like
X = a1s1 + a2s2 + . . . + amsm =
[
a1 a2 . . . am
]

s1
s2
...
sm
 = A S , (2.22)
with a mixing matrix A = [a1, a2, . . . , am], containing m column vectors. And unknown source
signals S = [s1, s2, . . . , sm]T, having m row vectors.
The blind source separation is to find a de-mixing matrix or whitening matrix W that inverts
this mixture, so that
S = w1x1 + w2x2 + . . . + wnxn =
[
w1 w2 . . . wn
]

x1
x2
...
xn
 = W X , (2.23)
where W = [w1, w2, . . . , wn] denotes the de-mixing matrix, which is to be determined with n
observations. W can be identified with the pseudo-inverse of A, i.e. W = A†.
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Typically, in ICA, A or W is identified such that si are mutually statistically independent. In
this case, the source signals S are so called independent components (ICs).
Statistical independence Each source signal is characterized by a probability density func-
tion (PDF) p(si), and the joint PDF of the sources is simply the product of its individual PDFs.
Therefore, the statistical independence is described based on the PDFs. For those sources, we
have p(s1, s2, . . . , sm). It defines the joint PDF of source signals s1, s2, . . . , sm with probabilities
of p1, p2, . . . , pm, respectively.
A fundamental assumption of ICA is that the data is a linear mixture of statistically indepen-
dent sources. If we unmix the data then the resulting output components should therefore be
statistically independent again. Hence, a possible criterion of independence is whether
p(s1, s2, . . . , sm) =
m
∏
i=1
p(si) . (2.24)
Practically, the target is to minimize the difference between the joint distribution and the prod-
uct of marginal distribution. This approach is optimal as a measure of statistical indepen-
dence.
A mixture of an infinite number of variables could lead to a Gaussian distribution even though
each source variable may have non-Gaussian distribution. To seek for components that are
as different from a Gaussian distribution as possible, it could be a good strategy to search
for independent output components. One measure of non-Gaussianity often used is kurtosis,
see (2.25). This approach typically first extracts the most non-Gaussian signal, and eliminates
the corresponding dimension from the mixed data, and then finds the second non-Gaussian
signal.
Moments and cumulants can describe the statistical properties of a random variable. If one
simply subtracts from the higher moments what one would expect from the lower moments
already, then the corrected moments are obtained, which are called cumulants. We assume
zero-mean data s, and then the cumulants of s are defined as
Ci = E(si) = 0 ,
Cij = E(sisj) ,
Cijk = E(sisjsk) ,
Cijkl = E(sisjsksl)
− E(sisj)E(sksl)− E(sisk)E(sjsl)− E(sisl)E(sjsk) .
(2.25)
E(s) expresses the expectation of s. Notice that there are no terms subtracted from Cij and Cijk
above because of the zero-mean constraint. In (2.25), Ci and Cij are the mean and variance. Cijk
is named skewness of the data, and Cijkl is the fourth-order cumulant which is called kurtosis.
It indicates how peaky or fat the distribution is. If the data has a Gaussian distribution, the
kurtosis becomes zero and all the other cumulants higher than second-order also vanish.
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Cumulants are an important property of the data. If we have two (or more) statistically inde-
pendent variables and add them up, the cumulants of the sum equal the sum of the cumulants.
If the random variables of a higher moment can be split into two statistically independent
groups, then the expectation can be written as a product of the two lower moments of the
groups. For example, if two signals si and sj are statistically independent of sk, the expectation
of si, sj, sk can be written as
E(sisjsk) = E(sisj)E(sk) . (2.26)
As a consequence of the assumption of zero-mean of data, all the cross-cumulants vanish, e.g.
Cijk = E(sisjsk) = E(sisj)E(sk) = 0. Turning this argument around is also true. If all cross-
cumulants vanish then the random variables are statistically independent. This property thus
simplifies the estimation of independence criteria.
Hence, the cross-cumulants are used in the ICA algorithm to measure the statistical indepen-
dence between the components. Usually, we use the fourth-order cumulants because in many
cases the third-order cumulants vanish with centered data. In practice, we optimize the inde-
pendent components by finding the minimal fourth-order cumulants of the output signals.
2.2.2 Generic algorithm of ICA
As explained in 2.2.1, two assumptions are made. Firstly, observations should be a linear mix-
ture of all the source signals. Secondly, all the independent components in the mixture are
non-Gaussian signals. Based on these assumptions, ICA can be optimally applied to seek for
statistically independent components from observation signals.
Generally, given the multi-dimensional source data S, we find the mixing matrix A that pro-
duces the observation data
X = A · S , (2.27)
and conversely, with the de-mixing matrix W it becomes
S = W · X . (2.28)
To obtain a set of statistically independent source signals S among a set of observed mixtures
X, therefore, ICA intends to estimate W or A in a proper way. A number of ways exist to solve
this problem. In this thesis, we use a proper rotation of the SVD transformation, following
Aires (2002) and Forootan and Kusche (2012).
As defined in (2.7), a mixture data set can be represented by SVD transformation. If we apply
a proper rotation to make the output components as independent as possible, then it reads
X = UΣR · RTVT , (2.29)
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where R is the rotation matrix, making U and V statistically independent. UΣR is treated as the
mixing matrix A in (2.27), and RTVT is considered as independent components S, namely
S = RTVT = RTWX ,
A = UΣR .
(2.30)
Hereby the task of ICA is finding an optimal rotation matrix R that makes the output compo-
nents statistically independent. To solve this problem, a statistics-based algorithm proposed
by Cardoso (1993), which is known as joint approximate diagonalization of eigenmatrices (JADE),
is employed in this thesis.
As described in 2.2.1, the fourth-order cumulant is an important property, which indicate the
statistical independence of variables. Given a random vector X with size n× 1 and any n× n
matrix M = (mij), we define the associated cumulant matrix Q(M) as the n× n matrix defined
component-wise by (Cardoso, 1993)
[QX(M)]ij =
n
∑
k,l=1
C(Xi, Xj, Xk, Xl)Mkl , (2.31)
in which C(Si, Sj, Sk, Sl) = Cijkl denotes cumulants of X = AS. As M is a basis matrix for
the linear space of n× n matrices, the cumulant tensor QX contains n2 × n2 matrices. For the
rotation matrix R, we define the following joint diagonality criterion
F =
n2
∑
m=1
RTQ(Mm)R , (2.32)
in which the matrix R makes Q(M) simultaneously close to diagonality. Thus, the rotation
matrix R is determined as the minimizer of the squared off-diagonal cumulant elements.
In general, the JADE algorithm can be briefly summarized as
• Initialization. Estimate a whitening matrix W and do whitening on data Z = WX.
• Form statistics. Calculate the fourth-order cumulant tensor QZ(M).
• Optimization. Minimize the off-diagonal elements of F by joint diagonalization such that
the cumulant matrices QZ(M) are as diagonal as possible, and then obtain rotation matrix
R.
• Separation. Signal separation: estimate W˜ = RTW and S = W˜X, A = XS−1.
In this thesis, the JADE algorithm is implemented using the JADE Matlab function initially
developed by Cardoso (1993). The details of JADE algorithm can be found in the Appendix
B.
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Figure 2.6: Illustration of ICA principle with respect to PCA. Different from PCA, The first component of ICA does
not mean the most important component, and ICA requires that each component is statistically independent
from others but not necessarily orthogonal projected.
2.2.3 Comparison of PCA and ICA
We already know that the first component from PCA indicates the most important mode of
variability in data set. As explained in 2.2.1, however, the first component separated by ICA
does not necessarily have the most variance. In addition, the independent components from
ICA are not necessarily orthogonal to each other; they are just statistically independent. The
different principles of PCA and ICA are illustrated in Figure 2.6.
A simulation is introduced here to examine the performance of ICA on finding statistically
independent components from mixed signals. The source signals we used in this section are
the same as listed in Table 2.1. The simulated observations are mixed according to (2.21) but
with different weights from Figure 2.5, as shown in Figure 2.7(b).
PCA cannot distinguish the sinusoidal modes with different frequencies, while ICA is able to
identify and separate in two independent modes, comparing Figure 2.7(c) and (d). In other
words, ICA has advantages on separating signals into different modes, which are maximally
statistical independent.
In summary, PCA is powerful to extract the most important information from the observations,
and efficient to compress the dimension of the data, and widely used to analyze the structure
of the observations and variables. However, PCA does not perform well on identifying and
separating statistically independent signals from observations. This imperfection can be suc-
cessfully remedied by ICA.
2.3 Canonical correlation analysis
Canonical correlation analysis (CCA) (Hotelling, 1936; Glahn, 1968) is a method of finding joint
modes between two multidimensional variables. CCA aims to recognize the mutual informa-
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(a) Source signals (b) Mixed signals (d) Independent components(c) Principal components
w1 = 1, w2 = 1, w3 = 0, w4 = 0.1 
w1 = 0, w2 = 1, w3 = 1, w4 = 0.1
w1 = 0.5, w2 = 0, w3 = 1, w4 = 0.1
w1 = 0, w2 = 0.5, w3 = 0.5, w4 = 0.5
Figure 2.7: Numerical performance of (c) PCA and (d) ICA on a set of (b) mixed signals, which is mixed on a set of
(a) source signals. Principal components are shown in a descending order of variance. Independent components
are shown in a descending order of kurtosis.
tion from two data sets, and thus applies SVD on the covariance matrix between two data sets.
Because correlation between signals is invariant to the signal magnitudes, CCA is able to find
the basis vectors for two different sets of variables with different units.
Different from PCA, CCA seeks out the structures not based on maximum variance but on
maximum covariance between signals. Each canonical mode from both fields represents the
mutual correlated information, as illustrated in Figure 2.8.
Figure 2.8: Illustration of the CCA principle. Different from PCA, CCA seeks for the most correlated component
from the covariance space, and then project onto each data set. The red arrows show the direction of components
after SVD analysis on the joint data set. The blue arrows depict the projected components for each data set,
which are therefore canonical correlated.
There are two typical purposes of CCA. One is to reduce the dimension of data. Based on the
covariance between two sets of variables, data reduction is fulfilled by using a small number
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of linear combination with high correlations. The second is to find typical features (i.e., canon-
ical modes of variability) between both fields. With the aid of features which explain most
covariation between two sets of variables, we can better interpret the observed data. For tele-
connection pattern analysis, in this thesis, CCA is applied mainly for feature identification of
joint variables.
2.3.1 Principle of CCA
Let us define two variables X (t1 × n1) and Y (t2 × n2). Particularly, one of the dimensions of
X and Y must have the same size. Let us assume that X and Y have the same dimension in
time. Thus, t1 and t2 become equal. Similar to (2.2) and (2.3), the cross-covariance of X and Y
is formulated as
CXY =
1
n
XTY =
1
n

∑nt=1 xt,1yt,1 ∑
n
t=1 xt,1yt,2 . . . ∑
n
t=1 xt,1yt,d2
∑nt=1 xt,2yt,1 ∑
n
t=1 xt,2yt,2 . . . ∑
n
t=1 xt,2yt,d2
...
...
. . .
...
∑nt=1 xt,d1 yt,1 ∑
n
t=1 xt,d1 yt,2 . . . ∑
n
t=1 xt,d1 yt,d2
 . (2.33)
Assume that two variables A and B that have the same size as X and Y, are the linear com-
binations of X, Y, respectively. In order to seeking the most correlated variation of A and B,
we need to find out the canonical variates that maximize the cross-covariance matrix of A and
B, i.e. max[Cov(A, B)] = max(CAB). In other words, we need to find a linear combination
A = XU and B = YV that maximize the CAB. Thus, the U and V fulfill
CAB =
1
n
ATB =
1
n
UTXTYV = UTCXYV . (2.34)
According to the principle of PCA, maximizing CAB is equivalent to finding a transformation U
and V to diagonalize the covariance matrix of X and Y. Hence, according to (2.7), it is essential
to apply SVD to the covariance matrix CXY, and then it becomes
CXY = UC ΣC VTC . (2.35)
Here, the UC and VC are called the canonical modes or joint PC of X and Y with dimension d1,
d2, respectively. Now in (2.35), the covariance matrix CAB in (2.34) turns to be diagonal singular
value matrix ΣC. Meanwhile, we obtain the so-called canonical variates A and B, which reflect
the maximal correlation in X and Y. Thus, the first pair of vector UC and VC has the maximal
covariance, which indicates the canonical directions. The first pair of canonical variates A and
B has the best correlation via linear combination of X and Y. ΣC contains the singular values of
covariance matrix CXY. UC, VC are not necessarily ranked in decreasing order of variance for
each field X, Y, but only in decreasing order of cross-covariance XTY.
In (2.35), column vectors in UC, VC are orthonormal. In other words, the canonical modes UC,
VC satisfy UCUTC = U
T
CUC = I, VCV
T
C = V
T
C VC = I. Here, we need to notice that the corre-
sponding vectors in the variates A and B are not normalized and not necessarily orthogonal,
but mutually correlated between A and B.
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Figure 2.9: Illustration of UC, ΣC, VC matrices of covariance matrix CXY.
In Figure 2.9, the number of modes r = min(r1, r2), where r1, r2 denote the rank of X and Y.
At this point, r1 and r2 are not necessarily equal. In this thesis, according to the size of data
sets, the number of spatial grid cells is larger than the number of temporal samples (n < d1, d2).
The cross-covariance matrix CXY(d1 × d2) is scaled by n, i.e., divided by the length of the time
series. Hence, the amount of modes r1 = r2 = r is equal to the temporal dimension n.
Since the canonical modes UC, VC retain spatial information, the associated temporal modes
VX, VY (i.e. canonical variates A, B) are obtained by projecting the data X and Y on UC, VC,
VX = X ·UC (2.36)
VY = Y ·VC . (2.37)
In this case, VX, VY consequently refer to the temporal information, representing the associated
features from X, Y. Visually, the canonical spatial mode UC from X and corresponding tempo-
ral mode VX are depicted in Figure 2.10. In fact, the associated temporal PCs (VX, VY) of each
field are matched with respect to the canonical modes. Specifically, in this study, we use spatial
EOFs to denote these joint canonical modes by CCA.
= 
mode space mode 
space time time VX X UC 
𝑛 × 𝑟 𝑛 × 𝑑1 
𝑑1× 𝑟 
Figure 2.10: Illustration of the canonical spatial mode UC, and temporal mode VX of X.
In short, the canonical modes are produced by the maximum covariance between two input
fields. Namely, a subset of the canonical modes of two data sets is selected, which explains the
most covariance between two different datasets.
The precondition of CCA is that there is significant correlation between these two data sets,
otherwise it may not make sense to search for structures in this covariance. A normalized
root mean squared covariance (RMSC) is introduced here. The total squared covariance, which
is sum of the squares of all the elements of the covariance matrix, is a useful measure of the
strength of the simultaneous linear relationship between the fields. It can be normalized by the
product of the variance of both fields. Therefore, we calculate the RMSC (Wallace et al., 1992),
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which is equivalent to the square root of the temporal correlation coefficients between X and
Y, averaged over all pairs of the grid points in the two fields, by
RMSC =
√√√√√ 1d1 · d2
d1
∑
i=1
d2
∑
j=1
(xi − x¯i)T(yi − y¯j)√
(xTi xi)(y
T
j yj)
. (2.38)
In (2.38), xi, yj are column vectors of X and Y at grid point i, j, and x¯i, y¯j are the mean of
the column vector xi, yj. d1, d2 are the number of the grid points in each field. The RMSC is
typically of order 0.1 or larger for well-correlated fields, but even smaller values may indicate
significant correlation if the number of independent samples is large. Hence, the correlations
can be distinguished from zero. After evaluation, the RMSC between all hydrologic variables
that are involved in this research and sea surface temperature are between 0.03 to 0.1. Although
there is probably no strong linear relationship between those variables, it is still necessary to
find out how they relate with each other, so that it can reflect implicitly the signature of climate
change.
(a) Source signals (b) Mixed signals X (c) Mixed signals Y
w1 = 0, w2 = 0, w3 = 2, w4 = 0.01
w1 = 0.01, w2 = 1, w3 = 1, w4 = 0.01
w1 = 0, w2 = 5, w3 = 0, w4 = 0.01
w1 = 0.05, w2 = 2, w3 = 0, w4 = 0.01 w1 = 0.05, w2 = 1, w3 = 1, w4 = 0.01
w1 = 0, w2 = 0, w3 = 2, w4 = 0.01
w1 = 0, w2 = 3, w3 = 0, w4 = 0.01
w1 = 0.01, w2 = 5, w3 = 2, w4 = 0.01
Figure 2.11: Two simulated sets of signals (b) X and (c) Y , which is mixed by a linear combination of (a) source
signals.
2.3.2 Comparison of PCA and CCA
As described in 2.1 and 2.3, PCA attempts to find the modes with most variance in one set of
the observations, while CCA is similar but instead attempts to search for the joint modes with
most covariance between two different variables. Considering this property, a simulation is
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designed here to examine the performance of CCA on finding significantly associated signals
from two different sets of signals.
These two sets of signals X and Y, as shown in Figure 2.11, are mixed by an arbitrary linear
combination of the same source signals in terms of weights w1, w2, w3, w4, according to (2.21).
The source signals in Figure 2.11(a) we used are the same as listed in Table 2.1.
We apply CCA, as written in (2.35) and (2.37), on these two sets of mixed signals to see whether
CCA has the capability to find out the correlated signals from them. From Figure 2.12, four
canonical modes are identified from each field in descending order of covariance. The first
canonical mode is identified, which represents sinusoidal variability. The second mode of each
field represents both sinusoidal variability as well but with larger period. Comparing with
Figure 2.11(a), the third canonical mode show linear trend but with periodic component as
well in the time series.
(a) Canonical components from X (b) Canonical components from Y
Figure 2.12: Numerical performance of CCA on two mixed data sets (a) X and (b) Y. Canonical components from
each field are shown in a descending order of covariance.
Obviously, CCA is able to recognize the associated components between two mixtures. How-
ever, we also find that, CCA is not able to fully recover the source signals, according to its
numerical performance in Figure 2.12. In addition, due to its insensitivity to the linear trend,
in the following chapter, we therefore carefully remove the linear trends from the observations
before we apply CCA.
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2.4 Multivariate linear regression modelling
The generalized linear problem The linearity between hydrological variables and terres-
trial water mass variation can be identified by applying the above decomposition techniques.
However, it is still a challenge to model the multivariate linear relationship between them. Us-
ing one or a combination of several different hydrological quantities to estimate water mass
change is one of our objectives in this thesis.
In short, concerning the linear relationship between observations and predictions, a general-
ized problem needs to be solved, which writes
s = H · l . (2.39)
In (2.39), s is the predictant, which refers to the unknown signals that need to be estimated, l
is the predictor, which normally comes from measurements, H describes mathematically the
relationship between predictor and predictant.
Least-squares collocation, as a mathematical tool developed by Krarup (1969) and Moritz
(1980), is used for modeling the linear relationship between different terrestrial variables.
By using least-squares prediction/collocation approach, the unknown quantities s can be
optimally estimated from the observations l.
Generally, noise exists on the measurements. To improve the performance of prediction from
observations, l needs to be filtered or corrected. Signal decomposition techniques, i.e., PCA,
CCA, are therefore employed in the linear regression. Principal component regression (PCR) is
useful to compress the observations and consequently eliminate the influence of random noise
in the prediction. Partial least-squares regression (PLR) concerns not only the impact of noise
on measurements, but also takes the mutual linear variability of measurements and unknown
signals into account. An adaptive regression model is therefore established by PCR or PLR on
basis of s = Hl.
2.4.1 Least squares prediction and collocation
The main purpose of collocation is to predict unknown signals by known measurements. Con-
sidering the presence of noise in the measurement, a second application is filtering on the ob-
servations. Besides predicting and filtering, least-squares collocation can additionally be used
to determine the parameters which define a mathematical model between measurements and
unknown signals (Ruffhead, 1987).
Least-squares prediction As we assume that a set of unknown signals S is approximated by
a linear combination of the observations L, the model has the form
S = L · H + e , (2.40)
where S(n× ds) is the target matrix to be estimated, L(n× dl) is the observation matrix, H(dl ×
ds) is the prediction matrix, which links the linear relationship between S and L. Each column
vector in S and L is a time series. Both L and S contain zero-mean column vectors. In statistical
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estimation, the best linear estimate of S in terms of L is defined as the linear minimum variance
unbiased estimate (Moritz, 1980). To solve this optimization problem in (2.40), we refer to the
least-squares criterion that minimizes the covariance of error e,
Cee = E{eTe} = E{(Sˆ− S)T(Sˆ− S)} ⇒ min . (2.41)
By (2.40) and (2.41), we get the error covariance matrix as
eTe = (S− LH)T(S− LH)
Cee = HTCLLH − CSLH − HTCLS + CSS
= CSS − CSLC−1LL CLLC−1LL CLS + (H − C−1LL CLS)TCLL(H − C−1LL CLS) .
(2.42)
If the latter part in (2.42) is made zero, then Cee is minimum. Thus, we obtain
Hˆ = C−1LL CLS
Cee = CSS − CSLC−1LL CLS ,
(2.43)
in which CLL(dl × dl) is auto-covariance matrix of L, and CLS(dl × ds) is the cross-covariance
matrix between S and L.
= S0 L0 H 𝑛0 
𝑑𝑙 𝑑𝑠 𝑑𝑠 
𝑑𝑙 
= 𝐒  L 𝐇  𝑛 𝑑𝑙 
𝑑𝑙 𝑑𝑠 
𝑑𝑠 
Figure 2.13: Illustration of S, L and H for training and prediction.
Substituting (2.43) into (2.40), one obtains
Sˆ = L · C−1LL CLS . (2.44)
As a result, the unknown signal S is optimally estimated in terms of a linear combination of L
by its covariance CLL and CLS.
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In brief, as illustrated in Figure 2.13, for least-squares prediction there are two steps: firstly,
estimate the prediction matrix H by using prior information L0 and S0 to construct the covari-
ance matrix CLL and CLS; secondly, predict the unknown signal S by the observation L and the
estimated prediction matrix Hˆ. The procedure is mathematically summarized as
• Training prediction matrix: Hˆ = C−1LL CLS;
• Predicting signal by H: Sˆ = L · Hˆ.
In practice, least-squares prediction does not only work with homogeneous data, but can also
be applied on different quantities, i.e., water storage change, river discharge, precipitation, or
water level change, in any hydro-geodetic applications.
Least-squares prediction with noise The general case of linear estimation model is initial-
ized in (2.39). Taken random noise into consideration, the observation l can be separated into
true signal part t and noise part w, written
l = t + w . (2.45)
Since signal and random noise are uncorrelated, which derives CWS = 0, consequently, we
calculate the auto-covariance of observations CLL and the covariance matrix CLS between ob-
servations L and signals S by
CLL = CTT + CWW
CLS = CTS + CWS = CTS ,
(2.46)
In (2.46), CLL is simply the sum of the covariance matrix of signal Ctt and noise Cww. Both s and
t refer to signals, so Csl becomes a pure signal covariance matrix. Substituting (2.46) into (2.43)
and (2.44), we get the prediction formula
Hˆ = (CTT + CWW)−1CTS
Cee = CSS − CST(CTT + CWW)−1CTS
Sˆ = L · Hˆ = L · (CTT + CWW)−1CTS ,
(2.47)
where CWW(dl × dl) is the covariance matrix of white noise. In this case, the prediction with
random noise in (2.47) is also named for least-squares collocation (Moritz, 1980). The only differ-
ence between (2.44) and (2.47) is the matter of the covariance of noise CWW .
If we assume that S = T, then the collocation formula (2.47) becomes
Tˆ = L · (CTT + CWW)−1CTT
Sˆ = L · (CTT + CWW)−1CTS
= TˆC−1TT(CTT + CWW)(CTT + CNN)
−1CTS
= Tˆ · C−1TTCTS ,
(2.48)
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since L = TˆC−1TT(CTT + CWW). The upper equation represents the filtering of the observations
L(n × d) into T(n × d), in which L is mathematically replaced by T¯. The lower equation ex-
presses the prediction of signal S(n× d) based on filtered signal T(n× d), in terms of noise free
case.
Therefore, when the object of the linear estimation S equals the signals T, the collocation with
noise turns equivalently to data filtering. Briefly, it can be summarized as filtering on the ob-
servations and then predicting new signals based on filtered signals (Moritz, 1980).
Least-squares collocation with parameters Generally, according to (2.39) and (2.45), a
physical variable l can be mathematically approximated by a linearized model l = Ax + e
with model parameters x. When we introduce a mathematical model in the linear collocation,
a more generalized case is achieved as
l = Ax + t + w . (2.49)
If we firstly simplify the case, L = AX + e, in which X(m× dl) is the parameter matrix, A(n×
m) is the design matrix. Then we obtain the covariance matrix of L and X in terms of CLL =
ACXX AT and CXX = (ATCLL A)−1. Referring to (2.41), the least-squares solution of Xˆ is given
as
Xˆ = CXLC−1LL L
= (ATCLL A)−1ATC−1LL L .
(2.50)
Next we suppose a model of observations regardless of noise, then
L = AX + SB + e , (2.51)
where S(n× ds) is linked with L(n× dl) by the weight matrix B(ds × dl). Thus, S is obtained
equivalently as a linear expression
S = (L− AX)H + e . (2.52)
As we know, L is supposed to be modelled by AX, so that E(L) = AX. According to (2.52),
we obtain CLS = E{L(L− AX)H} = E{L(L− AX)}H = CLLH. Hence, we get Hˆ = C−1LL CLS,
which is consistent with (2.43). Eventually, it proves that S is the linear estimate of L− AX. As
a result,
Sˆ = (L− AXˆ)Hˆ
= (L− AXˆ)C−1LL CLS .
(2.53)
If we consider noise in the model, then L = AX + SB +W, where W(n× dl) is the white noise
matrix. Similar to (2.46), the covariance of L becomes
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CLL = CSS + CWW . (2.54)
(2.53) represents a model synthetically combining adjustment and prediction (Moritz, 1980). In
other words, we can say that the least-squares collocation is composed of two steps: adjustment
and prediction.
In fact, (2.52) describes the most general case. There are two more special cases to be discussed
(Ruffhead, 1987). Firstly, if the model is known, then it can be removed directly from the ob-
servations by substraction in the equation, i.e. L = SB + W. It is equivalent to the case of
collocation only with noise, as defined in (2.45).
Another case is noise free collocation. If, in addition, the noise in the observation is negligible,
the linear relationship between observation and estimation becomes L = SB, which is mathe-
matically equivalent to least-squares prediction (LSP), S = LH, as expressed in (2.40). In this
thesis, the least-squares collocation (LSC) approach are used for hydro-geodetic applications.
Since both the observation L and the prediction S in the model are type of hydro-geodetic vari-
ables in nature, therefore, we employ the noise free prediction and collocation instead. The
random noise is concerned and filtered additionally by decomposition techniques, which are
involved in the following sections.
2.4.2 Principal component regression
Based upon the criterion of minimum error covariances, least-squares collocation provides an
unbiased optimal linear estimate. However, the multicollinearity phenomenon exists in the
linear regression models. In this sense, the ordinary least-squares prediction can not overcome
this problem. Hence, principal component regression has been developed for dealing with the
collinearity among multiple variables (Kendall, 1957; Massy, 1965). According to (2.20), a PCA
decomposition on a measurement matrix can be expressed by
L = UL ·VTL , (2.55)
where UL(n × r) is decomposed PCs of L(n × dl), VL(dl × r) is the normalized eigenvectors
with respect to UL. r is the number of modes. Generally, r is obtained as the rank of L. For the
purpose of filtering and data compression, r should be smaller than the rank. In this case, we
retain r number of PCs from L and eliminate the left signals. Substituting (2.55) into (2.40), as
depicted in Figure 2.14, the regression model is written in the form
S = L · H + e = UL ·VTL · H + e = UL · K + e , (2.56)
in which S(n× ds) denotes prediction for unknown signals, H(dl × ds) is the prediction matrix,
building up the linear regression model between S and L. K(r× ds) is the reformed prediction
matrix, which refers to the PC UL of L. We find the optimal estimation of K using the least-
squares approach, so K can be estimated in terms of PC UL from L as
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Figure 2.14: Illustration of S, L and H in PCR model for training and prediction.
Kˆ = (UTL UL)
−1UTL S ,
Hˆ = VL Kˆ .
(2.57)
Since UL = L VL, substituting the UL by LVL in (2.57), the covariance of UL can be expressed
by
CUU = (LVL)T(LVL) = VTL CLLVL ,
UTL S = V
T
L L
TS = VTL CLS .
(2.58)
Combining (2.57) and (2.58), the unknown signal S is ultimately estimated by
Sˆ = L · Hˆ = L VL(VTL CLLVL)−1VTL CLS . (2.59)
The regression represented in (2.59) is the so called principal component regression (PCR). The
procedure of training and prediction by PCR is illustrated in Figure 2.14. If we think of the
eigenvectors VL as a linear transformation matrix R of L, then (2.59) is reformed by
Sˆ = LR (RTCLLR)−1 RTCLS , (2.60)
where R = VL. In this case, according to (2.43), the error covariance from PCR is derived by
Cee = CSS − CSLR (RTCLLR)−1 RTCLS . (2.61)
Comparing with (2.44), R is equivalent to a constraint matrix on the least-squares prediction. If
we implement the PCR on a generalized case in (2.52), then we have an updated form
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Xˆ = (ATCLL A)−1ATC−1LL L
Sˆ = (L− AXˆ)R (RTCLLR)−1 RTCLS ,
(2.62)
since S = (L− AX)RK + e represents the model of observations instead of (2.52). The regres-
sion model represented by (2.62) is, therefore, an ultimate generalized case. (2.62) is equivalent
to ordinary least-squares prediction when R = I. In this sense, the least-squares prediction can
be regarded as a special case.
From above, the procedure of PCR is briefly summarized as
• Separating observation by PCA into modes:
L0 = UL ·VTL ;
• Training prediction matrix on selected modes:
Kˆ = (UTL UL)
−1UTL S0;
• Transforming the prediction matrix from mode version K to signal version H:
Hˆ = VLKˆ;
• Predicting signal by H:
Sˆ = L · Hˆ.
On one hand, PCR is one way to deal with an ill-conditioned problem. The constraint matrix R
reduces the dimension of L when L is not full rank matrix. On the other hand, PCR is a linear
regression model that the predicted signal S is actually regressed on the PCs of observations L.
Therefore, PCR can be regarded as a synthetical approach including both filtering and predic-
tion process. In this thesis, we employ PCR model on different hydrological variables in order
to predict the water mass change.
2.4.3 Partial least-squares regression
Dimension reduction is one of the major tasks for multivariate analysis, especially critical for
multivariate regressions. Besides PCR, the partial least-squares regression (PLR), which is de-
veloped by Wold et al. (1984), is another method for dealing with the collinearity problem.
Although PLR is promoted and used by chemometricians (Höskuldsson, 1988), it is also appli-
cable in hydrological and geodetic researches.
Different from PCR, PLR aims to regress on those PCs of measurements, that highly correlate
with target signals. Similar to CCA, as depicted in Figure 2.15, PLR is fulfilled via SVD on the
covariance matrix between predictors and predictants, expressed by
CLS = LTS = UC ΣC VTC , (2.63)
where UC(dl × r), VC(ds × r) are the joint normalized eigenvectors from SVD for L(n × dl)
and S(n × ds), which are also called canonical modes, respectively. ΣC is a diagonal matrix
containing covariance of L and S. UC, VC are associated spatial EOFs in each space. r is the
number of canonical modes from SVD. Similar to (2.55), r is obtained as the rank of covariance
matrix CLS(dl × ds). In practice, r is decided by the purpose of application. In our case, we
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retain r modes, which are strongly associated between L and S, and eliminate the remaining
signals as redundancy.
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Figure 2.15: Illustration of S, L and H in PLR model for training and prediction.
We gain the PCs of L, which is significantly correlated with S, by projection of UC on L. In the
next step, substituting (2.63) into (2.40), the regression model is thus written in the form
UL = L UC ,
S = L H + e
= UL UTC H + e
= UL K + e .
(2.64)
As illustrated in Figure 2.15, UL(n× r) is the associated PCs from L. K(r× ds) is the reformed
regression matrix that is combined with UC. The optimal estimation of K is estimated in terms
of UL, using the least-squares approach, then
Kˆ = (UTL UL)
−1UTL S ,
Hˆ = UC Kˆ .
(2.65)
In accordance with PCR, we substitute the UL by LUC in (2.65), so we calculate the covariance
of UL by
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CUU = (LUC)T(LUC) = UTCCLLUC ,
UTL S = U
T
C L
TS = UTL CLS .
(2.66)
Combining (2.65) and (2.66), the unknown signal S with its error covariance Cee is consequently
predicted by
Sˆ = L · Hˆ
= L UC(UTCCLLUC)
−1UTCCLS ,
Cee = CSS − CSLUC (UTCCLLUC)−1 UTCCLS .
(2.67)
Comparing with (2.62), the transformation matrix becomes R = UC. The regression repre-
sented in (2.67) is called partial least-squares regression (PLR). The major difference between PCR
and PLR is that PCR uses only the dominant signals of L to predict S, while PLS uses the most
associated signals of L, gained on basis of both S and L to estimate the new unknown signals
for S.
In summary, the procedure of PLR is implemented by four steps:
• Separating observation into modes that are associated with predictant by CCA:
CLS = LT0 S0 = UCΣCV
T
C , UL = L0UC;
• Training prediction matrix on the selected canonical modes:
Kˆ = (UTL UL)
−1UTL S0;
• Transforming the prediction matrix from mode version K to signal version H:
Hˆ = UCKˆ;
• Predicting signal by H:
Sˆ = L · Hˆ.
2.4.4 Adaptive moving averaging regression
Water mass transport in the water cycle is a dynamic process. Hence, each variable has either
leads or delays, correlating with others. When we model the linear relationship between those
hydrological variables, the temporal shifting needs to be carefully considered. Therefore, we
propose an adaptive regression approach, which involves a moving average model.
Generally, a moving average model (MA) is represented as
s(t) = m1l(t) + m2l(t− 1) + . . . + mkl(t− k + 1)
= [m1 m2 . . . mk] · [lt lt−1 . . . lt−k+1]T ,
(2.68)
in which s(t) is the model estimation, l(t), l(t − 1), . . . , l(t − k + 1) are the observations with
k− 1 different number of shifting. m1, m2, . . . , mk are the parameters of the model. The value k
defines the order of the MA model, which is abbreviated as MA(k). A MA model is conceptu-
ally a regression of current observation against current and previous observations.
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As expressed in (2.68), a variable s can be modeled by a linear combination of l in terms of MA
model. Hence, a t× 1 vector S is regressed by an ensemble observation matrix ∆L on all the
epochs t with a shift from 0 to k− 1, written as
S = ∆L ·M + e , (2.69)
where the observation matrix
∆L =

l(t1) l(t1 − 1) · · · l(t1 − k + 1)
l(t2) l(t2 − 1) · · · l(t2 − k + 1)
...
...
. . .
...
l(tn) l(tn − 1) · · · l(tn − k + 1)
 , (2.70)
and the parameter matrix M = [m1, m2, . . . , mk]T.
Considering a linear regression for multiple variables, in which both L and Sˆ contain more than
one variable, we expand the ∆L and Sˆ in (2.69) by
S = ∆L1M1 + ∆L2M2 + . . . ∆Ldl Mdl + e
= [∆L1 ∆L2 . . . ∆Ldl ] [M1 M2 . . . Mdl ]
T + e
= L · H + e ,
(2.71)
where L = [∆L1 ∆L2 . . . ∆Ldl ] is a n× (k× dl) matrix for dl different variables, S(n× ds) has
ds number of model prediction. As defined in (2.69), ∆Ln in L is a n× k matrix, so dl matrices
Mdl (k× ds) yield a prediction matrix H((k× dl)× ds) matrix for this regression model.
Similarly, L in (2.71) can be rearranged in the form of
L = [L1 L2 . . . Lk] ,
S = L · H + e
= [L1 L2 . . . Lk][H1 H2 . . . Hk]T + e ,
(2.72)
where Lk is a n× dl matrix,
Lk =

l1,1 l1,2 · · · l1,dl
l2,1 l2,2 · · · l2,dl
...
...
. . .
...
ln,1 ln,1 · · · ln,dl
 , (2.73)
containing measurements at n epochs from dl different variables. Each Lk stands for observa-
tions with a shift in MA(k) model, and each Hk(dl × ds) represents the prediction matrix with
respect to Lk, consisting of H(k × (dl × ds). Hence, if PCR is implemented on this moving
average regression, then (2.72) becomes
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S = L · H + e
= L1H1 + L2H2 + . . . + Lk Hk + e
= U1VT1 H1 +U2V
T
2 H2 + . . . +UkV
T
k Hk + e
= [U1 U2 . . . Uk][VT1 H1 V
T
2 H2 . . . V
T
k Hk]
T + e
= U · K + e .
(2.74)
In (2.74), K(k× (r× ds)) becomes the new prediction matrix substituting H, and U(n× (k× r))
expresses an ensemble of PCs from observations L. When L is allocated as in (2.72), the PCs
Uk(n× r) are thus decomposed within each moving window, delivering the dominant variation
of observations in each window.
Similarly, according to (2.63) and (2.64), when PLR is implemented with moving average win-
dow, the regression model is represented by
S = L · H + e
= L1H1 + L2H2 + . . . + Lk Hk + e
= UL1V
T
C1 H1 +UL2V
T
C2 H2 + . . . +ULk V
T
Ck Hk + e
= [UL1 UL2 . . . ULk ][V
T
C1 H1 V
T
C2 H2 . . . V
T
Ck Hk]
T + e
= U · K + e .
(2.75)
Comparing (2.75) with (2.63) and (2.64), the joint PCs ULk(t× r) are decomposed by SVD ac-
cording to the cross-covariance between each Lk and S, written as CLkS = L
T
k S = UCkΣCk V
T
Ck
,
and obtained by projection on each Lk, then ULk = L UCk . Hence, U here is grouped by ULk .
As a result, now referring to either LSP in (2.44), or PCR in (2.59), or PLR in (2.67), an adap-
tive moving average regression (MAR) is established, based on the formulation in (2.72), (2.74)
and (2.75). In LSP, the spatial covariance matrix between prediction and observations is es-
timated over time. Combining with MAR, the association among epochs is revealed in the
cross-covariance matrix along the moving window. The LSP approach can, therefore, reduce
the effect of lagged errors from observations.
Applying PCR with MAR, we extract and retain not the dominant signals from observations,
but the significant modes of observations within each moving average window. It takes the
variation of modes over time into consideration. Different from PCR, PLR takes the advantages
in maximizing the covariance among multiple variables. It eventually predicts the unknown
signals by the most correlated part of signals from multiple observed signals, with the help of
MAR over epochs.
The adaptive moving average regression integrated with LSP, PCR or PLR (i.e. MA-LSP, MA-
PCR, MA-PLR) is consequently employed in the following chapter for hydro-geodetic mod-
elling.
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2.4.5 Comparison and summary
This section describes several different linear regression approaches and discusses their ad-
vantages and disadvantages. In Table 2.2, these methods are shortly summarized from four
different aspects: form of model, observation, covariance matrix of observation, and cross-
covariance matrix of observation and prediction.
Table 2.2: Summary of four different type of multivariate linear regression approaches. The essential required
quantities for these regressions are briefly listed.
Method Observation Auto-covariance Cross-covariance Model description
LSP L CLL CLS S = LH + e
LSC L− AX CLL CLS S = (L− AX)H + e
PCR LVL VTL CLLVL V
T
L CLS S = ULV
T
L H + e
PLR LUC UTCCLLUC U
T
CCLS S = ULU
T
C H + e
As introduced before, three different cases are addressed in least-squares collocation (LSC). The
general case consists of a mathematical model, the true signal, and noise. Two special cases are
introduced: in the first the measurements are the sum of true signal and noise; in the second
the noise free measurement only consists of signal. In this thesis, the noise in the regression is
neglected to regress, and we only employ collocation with approximated model and without
approximated model. LSC is an unbiased optimal estimation method, which minimizes the
square errors. When the multicollinearity exists in the measurement, in which the variables are
highly correlated, it probably results in imprecise predictions.
To reduce the data dimensions and the computational effort as well as to tackle ill-conditioning,
we implement two more regression methods: principal component regression (PCR), and par-
tial least-squares regression (PLR). These two methods inherit the advantages and properties
of PCA and CCA, respectively. Compared with LSC, PCR optimizes the prediction by extract-
ing the signals with maximum variance, while PLR finds the optimal estimate by searching for
signals with maximum covariance.
Considering the lagged error problem, the adaptive moving average regression (MAR) is estab-
lished. MAR is implemented via a moving average window on the measurements, which we
combine with either LSC, PCR, or PLR. These adaptive MA-LSP, MA-PCR, MA-PLR methods
benefit from the advantages of both LSC, PCR, PLR and MA model, simultaneously concerning
both the spatial and temporal correlation between multiple measurements and predictions. In
addition, the stability of predictions and sensitivity of anomalous observations is examined in
hydro-geodetic applications and discussed in the following chapter.
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Chapter 3
Modelling of Terrestrial Water Storage Change
in the Water Cycle
Continental water storage is an essential part of the water cycle. Measurements of the global
time-variable gravity field by GRACE allow us to determine the total water storage variation.
However, the coarse spatial scales limit the application in small regions, and the limited tem-
poral scales restrict us to investigate the water storage change within one month. Additionally,
the limited lifetime of GRACE constrains the determination of large-scale water storage change
out of the range of GRACE observing period. Therefore, the inadequate spatio-temporal obser-
vations by GRACE motivate us to determine terrestrial water storage in alterative ways.
Since more spaceborne geodetic sensors provide large-scale terrestrial observations, various
studies has been done on modelling the hydrological variables by the geodetic observations
using hydro-geodetic approach. Sneeuw et al. (2014) modeled the river runoff with the aid of
the geodetic observations using hydro-geodetic approaches. Tourian et al. (2013) estimated the
river discharge from spaceborne water level observations by a quantile function approach. Sev-
eral studies (Pan and Wood, 2006; Lorenz et al., 2015) adopted the Kalman filter framework to
estimate the catchment-scale water budget. GRACE products have also been used in hydrolog-
ical modelling through assimilation (Eicker et al., 2014). Conversely, estimating the terrestrial
water storage variation with the aid of hydrological observations is practically realistic and
feasible.
In this chapter, we estimate the continental water storage change at catchment scale by mod-
elling the relationship between water storage and other hydrological variables. Three different
statistical approaches are implemented for water storage prediction: least-squares collocation,
principal component regression, and partial least-squares regression. Considering that a time-
invariant temporal shift exists between water storage and water cycle (Riegger and Tourian,
2014), an adaptive moving average model is consequently integrated with these regression al-
gorithms.
Furthermore, a spatial downscaling of GRACE is attempted by assimilating multiple variables
(i.e., precipitation, evapotranspiration, runoff) from a set of hydrological models with a highly
resolved water storage change model, in order to achieve sufficient spatial resolution. This
assimilation is accomplished by implementation of an adaptive moving average partial least-
squares regression approach.
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3.1 Spaceborne observation of terrestrial water storage
3.1.1 From geopotential to total water mass variation
The gravitational potential field V outside of the Earth’s surface, due to its source-free and
curl-free property, can be described in terms of spherical harmonic expansions (Heiskanen and
Moritz, 1967) by
V(λ, θ, r) =
GM
R
∞
∑
l=0
(
R
r
)l+1 l
∑
m=0
P¯lm(cos θ) (C¯lm cos mλ+ S¯lm sin mλ) , (3.1)
where λ, θ are the spherical coordinates, r is the spherical radius, R is the radius of the Earth,
GM is the gravitational constant, C¯lm, S¯lm denote the normalized dimensionless spherical har-
monic coefficients of degree l and order m, expressing the gravitational potential field of the
exterior Earth. P¯lm represents the normalized associated Legendre functions, with
P¯lm(cos θ) = Nlm · Plm(cos θ) ,
Nlm =
√
(2− δm,0)(2l + 1) (l −m)!
(l + m)!
,
(3.2)
in which δm,0 is called Kronecker delta that equals 1 if m = 0, and 0 otherwise.
As assumed by Wahr et al. (1998), the mass variations on the Earth’s surface occur in a thin
layer close to the surface. Under this assumption, the volume mass density σ is replaced by
the surface mass density. Therefore, the surface mass density change, which relates to surface
mass variation, can be parameterized in terms of spherical harmonics (Wahr et al., 1998) as
∆σ(λ, θ) = Rρw
∞
∑
l=0
l
∑
m=0
P¯lm(cos θ)(∆C¯σlm cos mλ+ ∆S¯
σ
lm sin mλ) , (3.3)
where ρw is the density of water, assuming that this thin layer on the surface consists of water.
C¯σlm, S¯
σ
lm denote the normalized dimensionless spherical harmonic coefficients of the surface
mass density. According to Farrell (1972) loading theory, the changes of the spherical harmonic
coefficients of the surface density changes can be related to the spherical harmonic coefficients
of the gravity potential changes. The relationship between them is thus expressed through the
load Love numbers k′l by {
∆C¯σlm
∆S¯σlm
}
=
ρe
3ρw
· 2l + 1
1+ k′l
{
∆C¯lm
∆S¯lm
}
, (3.4)
where ρe is the average density of the Earth. Combining (3.3) and (3.4), eventually we formulate
the surface mass density change as
∆σ(λ, θ) =
Rρe
3
∞
∑
l=0
2l + 1
1+ k′l
l
∑
m=0
l
∑
m=0
P¯lm(cos θ)(∆C¯lm cos mλ+ ∆S¯lm sin mλ) . (3.5)
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The spherical harmonic coefficients ∆C¯lm, ∆S¯lm can be obtained from the montly GRACE so-
lutions, since GRACE is able to measure the temporal variation of the Earth’s gravity field. In
general, the surface density change ∆σ are converted into water height change
∆M =
Rρe
3
Lmax
∑
l=0
2l + 1
1+ k′l
l
∑
m=0
P¯lm(cos θ)(∆C¯lm cos mλ+ ∆S¯lm sin mλ) , (3.6)
where Lmax is the upper bound of degree l. ∆M is commonly denoted as equivalent water
height (Wahr et al., 1998). Practically, the upper limit of degree l is defined by the maximum
degree of the GRACE products. To avoid of confusion with residuals in the following content,
we describe the water mass variation by M instead of ∆M in this thesis.
The GRACE observed time-variable gravity field of the Earth can be equivalently considered as
the terrestrial water mass variation, which is calculated via equivalent water height in (3.6). In
hydrology, the water mass variation is revealed by the total water storage change in the water
cycle. Therefore, to keep consistency in this thesis, the term total water storage change (TWS)
is used instead of equivalent water height change, representing for the water mass variation
M.
Furthermore, the water storage fluxes dM/dt, which represents the water balance, are calcu-
lated as the first derivative of water storage change by
dM
dt
=
M(t + ∆t) + M(t− ∆t)
2∆t
, (3.7)
where ∆t is the temporal intervals. In this thesis, we use the central difference as the differen-
tiator in order to avoid the interpolation error.
3.1.2 Total water storage change from GRACE product
The GRACE level 2 products are provided by several different sources, e.g., Center for Space
Research (CSR) at the University of Texas (Bettadpur, 2007), Jet Propulsion Laboratory (JPL),
GeoForschungsZentrum (GFZ), ITSG 2018 from Graz University of Technology (Mayer-Gürr
et al., 2018), using different data processing techniques and model corrections in order to elim-
inate the effects from atmosphere and ocean tides and to recover as much original signals from
gravity field variation as possible. In addition, the GRACE Mass Concentration blocks (mas-
cons) solutions based on level 1 products are available from CSR (Save et al., 2016), JPL (Watkins
et al., 2015), and Goddard Space Flight Center (GSFC) (Luthcke et al., 2013). Different from the
data produced by standard spherical harmonic approach, the mascons are essentially another
representation of the gravity field, which is described by small blocks. In fact, it is beyond the
scope of this thesis and not further discussed here. We use the GRACE products from GFZ
release 05 in form of spherical harmonic coefficients for the following study.
Degree-1 term The origin of the reference frame used for GRACE solutions is defined in the
Earth’s center of mass (CM). The changes in degree-one terms are closely related to the relative
motion of the CM to the center of the figure (CF) of the Earth’s surface. In this frame, the
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degree-one spherical harmonic coefficients are zero by definition. As a result, GRACE cannot
sense the motion of the mass center of the Earth, only observing the time-variable gravity field.
The changes in degree-one terms represent a considerable mass variation, which cannot be
neglected (Chambers, 2006b). Hence, the omission of degree-one coefficients in GRACE data
has to be corrected. In this thesis, the degree-one coefficients are replaced using the product
from Swenson et al. (2008).
Degree-2 terms The degree-two terms are related to the large scale mass redistribution
on the Earth’s surface. The changes in the spherical harmonic coefficients of degree two and
order zero, ∆C2,0, reflect the flattening of the Earth, which is known as ∆J2 (∆J2 = −
√
5∆C2,0).
Considering that degree-two terms are not accurately observed by GRACE, the optimal degree-
two coefficients are obtained from the analysis of satellite laser ranging (SLR) observations
(Cheng et al., 2011). Moreover, the degree-two terms in the GRACE product from GFZ are
already replaced (Dahle et al., 2012).
Filtering Since the GRACE measurements are evidently affected by noise, filtering is re-
quired to reduce these effects and enhance the true physical signals when processing GRACE
data. Several different filtering approaches (e.g. Gaussian filter, Han filter, destriping filter,
DDK filter, etc.) are consequently proposed. Generally for GRACE data, the filter is applied in
the spectral domain, and the filtered ∆M f is then formulated as
∆M f =
Rρe
3
Lmax
∑
l=0
2l + 1
1+ k′l
l
∑
m=0
P¯lm(cos θ)(Wlm∆C¯lm cos mλ+Wlm∆S¯lm sin mλ) , (3.8)
where W expresses the kernel of the filter in the spectral domain. Various filter operators are
proposed and discussed in many researches, which commonly are consisted of two classes:
deterministic filters and stochastic filters. A detailed description of different filter schemes is
summarized by Devaraju (2015) for GRACE data filtering.
The Gaussian smoothing function WG, as a deterministic filter, is formulated by Jekeli (1981) in
the spatial domain,
WG = e−r(1−cos α), r > 0 , (3.9)
where α is the spherical distance on the sphere, and r is the averaging radius. The Gaussian
smoothing function was subsequently developed by Wahr et al. (1998) in the spectral domain,
formulated recursively
WG0 =
1
2pi
,
WG1 =
1
2pi
[
1+ e−2b
1− e−2b −
1
b
]
,
WGl+1 = −
2l + 1
b
·Wl +Wl−1 ,
with b =
ln(2)
1− cos(r/R) .
(3.10)
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Obviously, the Gaussian smoothing kernel WGl performs isotropically only along degree l in
spectrum. Due to this property, WGl is classified as isotropic filter for GRACE. Unlike degree-
dependent WGl , an anisotropic Gaussian filter was developed by Han et al. (2005), in order to
perform smoothing on both degree and order. The weighting structure of the smoothing kernel
is directional variant, performing both degree and order dependent in the spectral domain.
In fact, the GRACE observations are strongly affected by the correlated errors, which normally
show up as north-south stripes over the unsmoothed TWS spatial patterns. A destriping filter,
proposed by Swenson and Wahr (2006), aims to eliminate the spatially correlated errors.
WDlnm =
p
∑
i=0
p
∑
j=0
L−1ij n
ili ,
with Lij =
l+ w2
∑
n=l− w2
ninj, n : even or odd ,
(3.11)
where n denotes the degree that includes only the same parity as degree l. This destriping leads
to the smoothed coefficients CDlm as
CDlm =
l+ w2
∑
n=l− w2
WDlnmCnm, n : even or odd . (3.12)
Swenson and Wahr (2006) found that there is no apparent correlations between even and odd
coefficients. However, the correlated behavior appears at approximately m = 8 and also at
higher orders. In this case, the spherical harmonic coefficients are smoothed for a particular
order m with a quadratic polynomial in a moving window centered about degree l, where p is
the order of the polynomial, w is the width of the smoothing window. The implementation of
the destriping algorithms is explained by Devaraju (2015) in detail.
Moreover, various stochastic filters, e.g. Wiener filter (Sasgen et al., 2006), DDK filter (Kusche,
2007; Kusche et al., 2009), regularization filter (Lorenz, 2009), an anisotropic, non-symmetric
filter developed by Klees et al. (2008), are designed to filter the observed field from GRACE
based on a prior information. In addition, the EOF approach is also employed as a smoothing
tool at the level of GRACE monthly solutions (Rangelova et al., 2007; Schrama et al., 2007).
In this thesis, since a thorough evaluation of different filters on GRACE is not essential for the
objective of our research, the performance of filters in GRACE data processing is not further
discussed. To make our results comparable with the work done by others, we simply apply a
destriping filter to minimize the effect of correlated errors, and an isotropic Gaussian smooth-
ing with radius of 350 km to the GRACE data. The procedure of calculating the TWS from
GRACE coefficients are explained in detail in Appendix A.
Spatial and temporal resolution Although filtering on GRACE observations reduces the
effects of noise and subsequently produces more accurate signals, it simultaneously causes
signal leakage and also leads to lower spatial resolution (Devaraju and Sneeuw, 2016). For
example, the filter with radius of 350 km applied in this study limits the spatial resolution to the
level of ca. 400 km. Comparing with the observations from other variables, like precipitation,
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evapotranspiration, river runoff, usually with 0.5◦ resolution, this level of resolution is not
adequate for hydrological applications, particularly for regional studies on small basins.
(a) (b)
Figure 3.1: Map of the linear trend of global total water storage change (a) on a grid and (b) at catchment scale.
(a) (b)
Figure 3.2: Map of the annual amplitude of global total water storage change (a) on a grid and (b) at catchment
scale.
Many studies focus on the correction methods for repairing the signal damage due to filtering
(Klees et al., 2007; Longuevergne et al., 2010; Landerer and Swenson, 2012; Vishwakarma et al.,
2018). However, repairing the GRACE products, which is not within the scope of this thesis, is
not further discussed. Downscaling GRACE is an optional solution to acquire sufficient spatial
resolution, using statistical approaches.
As our current study is mainly about modelling the total water storage by multiple hydrologi-
cal variables, we aggregate the observations from grid cells into catchments in order to reduce
the error level. The water storage change in each grid cell is aggregated over the catchment
via
Mbasin =
∑Ni=1 Mgrid(λi, θi) · Ai
Abasin
, (3.13)
where λi, θi express the longitude and latitude of the cell i, Ai is the area of the cell i within
the catchment, Abasin is the total area of the catchment, N is the number of cells located in the
catchment. Thus, we obtain the aggregate of total water storage change over the catchment
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Mbasin by doing a spatial averaging on the Mgrid of each cell. Figure 3.1 and 3.2 show the linear
trend and annual amplitude of total water storage change grids over the globe and aggregates
over the catchments.
In Figure 3.1, the catchment-scale linear trends are smoothed in the catchments which are rel-
atively stationary, and enhanced in the catchments which have evident mass gain or loss com-
paring with the linear trend from TWS in grids. The annual amplitude of TWS at catchment
scale shown in Figure 3.2 reveals comparatively consistency with gridded products, especially
for those large-scale catchments. Therefore, the spatial resolution is adequate for applications
at catchment scale, especially for those catchments with an area larger than 200 000 km2. For
investigating the impact of climate change on continental water storage changes at large scale,
the current spatial resolution (ca. 400 km) is sufficient for comprehensive analysis. Moreover,
to achieve finer spatial resolution, a spatial downscaling of GRACE is attempted in this chapter,
using an empirical statistical approach.
Temporal resolution of GRACE products is one month due to its monthly solutions. In hy-
drology, data with sub-monthly, weekly, daily sampling are commonly available. Considering
that the water cycle is a dynamic process, coarse temporal sampling in GRACE products could
lead to inconsistency when modeling the total water storage by hydrological observed time
series.
To acquire densified temporal sampling of GRACE, some researchers estimate the daily solu-
tions from monthly GRACE products using Kalman filter approach (Kurtenbach et al., 2009,
2012). With the aid of hydrological observations with higher sampling rates, in this thesis, we
explore another way to obtain the terrestrial water storage variation with better temporal reso-
lutions. Therefore, based on the relationships gained from statistical modelling, the water stor-
age variation is estimated by multiple variables, for instance, precipitation, evapotranspiration,
runoff. In addition, for long-term analysis, monthly observations from GRACE are sufficient
and commonly used in hydrological applications.
3.2 Modelling terrestrial water mass change by hydrological
variables
Datasets In this chapter, we use the monthly observation based precipitation datasets, calcu-
lated from global station data, from the Global Precipitation Climatology Center (GPCC) with
0.5◦ spatial resolution (Meyer-Christoffer et al., 2015), and the monthly precipitation datasets
that combine observations and satellite data, from the Global Precipitation Climatology Project
(GPCP) with 2.5◦ spatial resolution (Adler et al., 2003).
The Tropical Rainfall Measuring Mission (TRMM) by NASA and JAXA provides precipitation
products based on the measurement of rainfall from multiple satellites (Huffman et al., 2007,
2010). We use the precipitation dataset from TRMM with monthly temporal resolution and 0.5◦
spatial resolution.
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Table 3.1: Data sets used in water mass variation modelling.
Variable Data source Spatial resolution Temporal resolution
P GPCC 2.3 0.5◦ × 0.5◦ monthly
GPCP V7 2.5◦ × 2.5◦ monthly
ECMWF ERA-Interim 0.5◦ × 0.5◦ daily
PERSIANN-CDR 0.5◦ × 0.5◦ monthly
TRMM 3B43 0.5◦ × 0.5◦ monthly
ET ECMWF ERA-Interim 0.5◦ × 0.5◦ daily
GLEAM v3.1 0.5◦ × 0.5◦ monthly
R GLDAS CLM10 1◦ × 1◦ monthly
GLDAS MOS10 1◦ × 1◦ monthly
GLDAS NOAH025 2.0 0.25◦ × 0.25◦ monthly
∆M GRACE RL05 GFZ 1◦ × 1◦ monthly
In addition, we use a 0.5◦ daily precipitation dataset from the Precipitation Estimation
from Remotely Sensed Information using Artificial Neural Networks-Climate Data Record
(PERSIANN-CDR) model (Ashouri et al., 2015), which estimates precipitation using the
PERSIANN algorithm on satellite data and combining many different precipitation data
sources.
The atmospheric reanalysis ERA-Interim from the European Center for Medium-Range
Weather Forecasts (ECMWF) is used to derive daily fields of total precipitation and evapora-
tion (Dee et al., 2011). These data sets are produced with 0.5◦ spatial resolution.
The evapotranspiration dataset, which is obtained from the Global Land-surface Evaporation:
the Amsterdam Methodology (GLEAM) based on multi-satellite observations (Miralles et al.,
2011; Martens et al., 2017), is used as well in the study.
The Global Land Data Assimilation Systems (GLDAS) was developed by NASA and the Na-
tional Oceanic and Atmospheric Administration National Centers for Environmental Predic-
tion (NCEP). It provides a global, high-resolution, optimal simulation of global land surface
states, representing the energy and terrestrial water fluxes for climate, weather, and water re-
sources study (Rodell et al., 2004). Currently, the GLDAS has four different land surface models
(LSMs), including the Mosaic model (Koster and Suarez, 1996), the Noah model (Chen et al.,
1996; Koren et al., 1999), the Common Land Model (CLM) (Dai et al., 2003), and the Variable
Infiltration Capacity (VIC) model (Liang et al., 1996). These four models in GLDAS define
different number of soil layers and different corresponding soil depths. In this thesis, three
different runoff datasets are used from the GLDAS, namely the 1◦ monthly data from GLDAS
CLM Model, the 1◦ monthly data from GLDAS Mosaic Model, and 0.25◦ monthly data from
GLDAS NOAH LSM L4 (Rodell et al., 2004).
We choose the time period of the datasets listed above in Table 3.1 ranging from 2003 to 2016,
in order to stay in accordance with the data from GRACE products.
Furthermore, to be consistent with total water storage change time series from GRACE, the
temporal resolution is averaged from daily to monthly. We choose 26 catchments as case study,
which are distributed globally as shown in Figure 3.3. In order to estimate the water mass
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Figure 3.3: Map of 26 catchments distributed globally.
variation at catchment scale, the GRACE grids are then aggregated within each catchment us-
ing (3.13). Similarly, the other hydrological variables, such as precipitation, evapotranspiration
and runoff, are also aggregated over catchment in the same way as the aggregation of water
storage.
3.2.1 Performance metrics for model evaluation
To validate the estimated total water storage changes, numerous performance metrics to eval-
uate the time series exists (Moriasi et al., 2007). In this chapter, several important metrics, i.e.,
correlation coefficients, root mean square error, the Nash-Sutcliffe efficiency, and relative bias
are introduced and adopted here for validating the predictions from the regression models.
Correlation coefficient (R) It describes a statistical relationship between two time series.
The correlation coefficient, which ranges from −1 to 1, indicates the similarity of them. It
writes
R = ∑
n
i=1(xi − x¯)(yi − y¯)√
∑ni=1(xi − x¯)2 ∑ni=1(yi − y¯)2
. (3.14)
In (3.14), xi is observation, and yi is prediction time series to be evaluated, x¯, y¯ represent for
the mean of observation and prediction time series, respectively. The values R = 1 or R = −1
reflect a perfect positive or negative linear relationship, while R = 0 indicates that no linear
relationship exists. Although it is commonly used for data evaluation, the correlation coeffi-
cient is extremely sensitive to the phase shifts, but insensitive to the differences in amplitude
or bias. According to this characteristic, only using the correlation coefficient is not adequate
for validation of model predictions.
56 3.2 Modelling terrestrial water mass change by hydrological variables
Relative bias (PBIAS) Since correlation coefficient is insensitive to bias, we introduce a
statistical indicator that is describing the relative bias. Since it was introduced as percent bias,
thus, we name it PBIAS in this thesis (Gupta et al., 1999):
PBIAS = ∑
n
i=1(xi − yi)
∑ni=1 xi
= 1− y¯
x¯
. (3.15)
PBIAS is dimensionless, and calculated as a relative difference, normalized by observations.
PBIAS measures the relative bias of prediction against observation. It indicates an optimal
prediction when the value of PBIAS becomes 0. Positive and negative values indicate model
underestimation bias and overestimation bias, respectively. The deviation from 0 reflects the
relative bias, which is represented as a percentage. From PBIAS, we can simply know whether
the predictand is optimally estimated by the model in view of bias.
Root mean square error (RMSE) As one of the widely used error indices, RMSE measures
directly the accuracy of the estimation, which is compared with the reference time series. It is
defined as
RMSE =
√
∑ni=1(xi − yi)2
n
. (3.16)
As a second-order statistic, RMSE is a non-negative value to quantify the average deviation
from the observations. In general, it reflects an optimal fit when RMSE is close to 0. Different
from PBIAS, RMSE is sensitive to the difference in amplitude. Hence, we use it to evaluate the
level of the differences between observations and model estimates.
Nash-Sutcliffe efficiency (NSE) We introduce NSE here because of its common use to
evaluate the model performance against observation (Nash and Sutcliffe, 1970) in hydrology.
The NSE is a dimensionless statistic that quantifies the relative magnitude of mean square error
compared to the variance, since
NSE = 1− ∑
n
i=1(xi − yi)2
∑ni=1(xi − x¯)2
. (3.17)
NSE ranges from −∞ to 1, where NSE = 1 indicates a perfect prediction. A value of NSE
between 0 and 1 (0 < NSE < 1) reflects a prediction that is better than simply taking the
average x¯, which is considered generally as acceptable levels in our study. The value of NSE
below 0 indicates a prediction worse than the mean observation, which is unacceptable.
Different from correlation coefficient, NSE is highly sensitive to the similarity both in phase
and also in amplitude and bias. Therefore, we adopt NSE as an important statistic to evaluate
our prediction results from each approach.
Cyclostationary Nash-Sutcliffe efficiency (CNSE) According to the seasonality be-
haviour of hydrological time series, in this study, we adopt an alternative formulation of NSE,
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called cyclostationary NSE (CNSE). It compares the prediction with the cyclo-stationary mean
of observation instead of the mean as
CNSE = 1− ∑
n
i=1(xi − yi)2
∑ni=1(xi − x˜)2
, (3.18)
where x˜ is not the long-term mean of observation x, but represents the mean annual behavior,
i.e. climatology. Similar to the regular NSE, CNSE reflects a perfect prediction when its value
equals to 1. If the value of CNSE is between 0 and 1, it indicates a prediction better than the
historic cyclostationary mean of the time series, which is acceptable. If CNSE < 0, it indicates
that the prediction performs worse than the climatology in the observations, i.e. it does not
successfully capture the significant non-seasonal variability in the observations. In geodetic-
hydrological applications, therefore, CNSE is as important as NSE and even more meaning-
ful than NSE, because NSE > 0 is easily achieved. Due to the strongly seasonal variability
in terrestrial water storage variation, we evaluate the performance as good predictions when
CNSE > 0 in the following content.
Cyclostationarity index (CI) To evaluate the seasonal variability in a single time series,
we define a statistical indicator CI as
CI = 1− ∑
n
i=1(xi − x˜)2
∑ni=1(xi − x¯)2
. (3.19)
CI is a dimensionless measure of non-seasonal variability relative to seasonal variability. A
value of CI = 1 indicates perfect cyclo-stationarity, whereas CI ≈ 0 indicates that non-seasonal
behaviour dominates. Hence, we use CI as an important indicator to evaluate the seasonality
in the terrestrial water storage observations from GRACE.
3.2.2 Characterization of terrestrial water storage variation
Relationships of water storage-water cycle To characterize the time series of terrestrial
water storage variation, we investigate the linear relationship between water storage change
and hydrological variables, i.e., precipitation, evapotranspiration and runoff. A linear relation-
ship exists between total water storage change (M or TWS) and precipitation (P), evapotranspi-
ration (ET), river runoff (R), since the terrestrial water balance can be mathematically described
by
dM
dt
= P − ET − R . (3.20)
Theoretically, estimating the total water storage changes via a linear regression model by other
variables (i.e., P, ET, R) in the water cycle is therefore feasible based on (3.20).
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(a) Amazon (b) Yangtze River (c) Mackenzie (d) Lena
Figure 3.4: Relationships between TWS and P, ET, R, respectively for catchment (a) Amazon (tropical), (b)
Yangtze River (temperate), (c) Mackenzie (boreal), and (d) Lena (boreal).
We investigate the relationships between ∆M and P, ET, R, respectively at catchment scale.
These relationships are visualized in Figure 3.4. Considering the different climatic conditions,
we choose four catchments as examples, in which Amazon represents basins in the tropical
zone, Yangtze represents for basins in the temperate zone, while Mackenzie and Lena act on
behalf of basins in the polar region influenced by arctic climate. We plot the mean annual cycle
together with observations for each year as a sequence. Figure 3.4 illustrates a distinct periodic
behaviour for each catchment.
In the Amazon, Figure 3.4 clearly shows linear performance except for P–TWS in the scatter
plot. However, in temperate and polar regions (i.e. Yangtze, Mackenzie, Lena), ET, R and TWS
are periodical, which is different from the behaviour in tropical basins (e.g. Amazon). By direct
comparisons of water storage and other hydrological variables (i.e. P, ET, R), they mainly show
up these periodic performance with hysteresis, indicating a non-linear relationships. Thus, the
river basins are characterized as non-linear dynamic system (Kirchner, 2009; Teuling et al.,
2010). However, Riegger and Tourian (2014) interpret this non-linear, periodic behaviours with
a hysteresis for catchments as a linear time-invariant (LTI) system, in which a time-invariant
temporal delay exists. In other words, the non-linearity between ET, R and TWS in Yangtze
is thus explained by asynchronous variation in the water cycle. Thus, from Figure 3.4 (a), we
59
can infer that the non-linearity between P and TWS in Amazon refers to a hysteresis in this
dynamical water system.
However, under dry and cold climatic conditions, the non-collinearity in boreal catchments
(i.e., Mackenzie, Lena) cannot be simply explained by a time invariant or time-dependent delay
between ET, R and liquid TWS change. This non-linear behavior is assigned to solid storage
components like snow/ice, for which the terrestrial mass variations do not lead to changes in
water balance (Riegger and Tourian, 2014). Therefore, in the boreal catchments, except for the
time-invariant temporal delay, the solid/liquid components of water storage also result in the
non-linear behaviour.
In a word, for tropical and boreal catchments, the time invariant time lag exists in the M–
P, ET, R relationships. The liquid water mass change are P, ET, R are treated as a LTI system.
In practice, this time shift has to be taken into consideration when we do regression on multiple
hydrological variables.
(a) Amazon (b) Danube (c) Yangtze River
(f) Lena(e) Ob(d) Mackenzie
CI = 0.64CI = 0.51CI = 0.85
CI = 0.70 CI = 0.53 CI = 0.58
Figure 3.5: Seasonal mean of TWS and its CI index in catchment (a) Amazon, (b) Danube, (c) Yangtze River, (d)
Mackenzie, (e) Ob, and (f) Lena.
Seasonality of total water storage Generally, the cyclostationarity of the observed time
series is a significant characteristic in hydrology. Non-stationarity of a time series appears gen-
erally as time-dependent trend, time-variant frequency, or inconstant amplitude. Practically,
the training is based on the a prior data. Non-stationarity in the training phase induces un-
certainty of the model prediction. Meanwhile, the model prediction is difficult to capture the
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anomalous variation if non-stationary signal exists in the prediction phase. Therefore, an ob-
servation time series that behaves as cyclo-stationary signal probably leads to poor predictions.
Hence, before we implement regression on the water storage time series, the seasonal variabil-
ity in the observations of water storage change is also necessary to be evaluated.
In Figure 3.5, total water storage changes in each year are plotted with their cyclo-stationary
mean (i.e. seasonal mean in hydrological variables), which is calculated as the mean annual
cycle of the signal. Six catchments, i.e., Amazon (tropical), Danube, Yangtze (mid-latitudes),
Mackenzie, Ob, Lena (high-latitudes), are selected as examples. The cyclo-stationary mean
represents the seasonal behavior in observations. The CI values indicate the cyclo-stationarity
of water storage in catchments. Amazon shows a very stable seasonality with CI > 0.8, while
TWS in Danube, Ob and Lena (CI < 0.6) are weakly stationary in each year.
Accordingly, for those seasonal stationary basins, the mean annual cycle retains nearly
the whole of observation information, representing distinct seasonal behaviors. Therefore,
the mean annual cycle can be simply adopted as the prediction. On the contrary, a low
cyclo-stationarity indicates that the water cycle in these basins displays more non-seasonal
behaviours. This leads to a challenge for prediction.
3.2.3 Estimation by least squares collocation
Least-squares collocation with model parameters Firstly, we assume that we have the
observed time series of total water storage M, and the river runoff R, which are arranged in
matrix as
M =

M1,1 M1,2 · · · M1,s
M2,1 M2,2 · · · M2,s
...
...
. . .
...
Mn,1 Mn,2 · · · Mn,s
 , R =

R1,1 R1,2 · · · R1,l
R2,1 R2,2 · · · R2,l
...
...
. . .
...
Rn,1 Rn,2 · · · Rn,l
 . (3.21)
In (3.21), each column of M and R is a single time series with n time epochs. M contains s
number of time series, and R has l number of time series. Thus, M and R has the same length
of observing period but different number of time series.
If we predict the total water storage change M for p more epochs, for example, by river runoff
Robs(p× l) using the least-squares collocation (LSC) approach, we have to estimate the predic-
tion matrix, training on a prior datasets M(n× s) and R(n× l). Following (2.52) and (2.53), we
have
{
R = A XR + M B ,
XˆR = (ATC−1RR A)
−1ATC−1RRR ,{
M = (R− A XR) H ,
Hˆ = C−1RRCRM ,
(3.22)
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where A(n×m) is the design matrix for modelling the observation R, B(s× l) is the prediction
matrix for predicting M, estimated based on training, XR(m× l) contains m unknown param-
eters to estimate for each time series.
Applying such a least-squares collocation on R and M, we model the runoff signal itself R, and
at the same time predict the target signal M. According to (3.22), the M can be seen as the
predictand of R− AXR, that satisfies M = (R− AXR)H. Since the model R− AXR produces
the residuals, the predictand M is estimated on the residual level. Thus, we use the TWS
residuals ∆M instead of M for training of the cross-covariance matrix CRM. The TWS residual
∆M is calculated by subtracting the cyclo-stationary mean M˜ from the full signal M,
∆M = M− M˜ . (3.23)
Hence, by training, we gain the estimated parameter matrix XˆR(m × l), and the estimated
prediction matrix Hˆ(l × n) instead of B. As a consequence, the predicted ∆Mpre is calculated
via
∆Mpre = ∆Mˆ = (Robs − AXˆR)Hˆ = (Robs − AXˆR)C−1RRCRM . (3.24)
Still, we need to add the removed seasonal mean M˜ back to the model prediction ∆Mˆ as
Mpre = ∆Mˆ + M˜ . (3.25)
Considering the strong seasonal behaviour in runoff time series, we employ a harmonic model
for R to model the annual and semi-annual components,
R = a1 · sinω1t + b1 · cosω1t + a2 · sinω2t + b2 · cosω2t
= [sinω1t cosω1t sinω2t cosω2t] [a1 b1 a2 b2]
T
= A · XR ,
(3.26)
where XR = [a1 b1 a2 b2]T are the parameters to be estimated in (3.22), ω1, ω2 represent for the
frequencies of annual and semi-annual components in observations. The design matrix A is
constructed as A = [sinω1t cosω1t sinω2t cosω2t] and involved as input in (3.22). Simi-
larly, the precipitation P and evapotranspiration ET are also modeled as defined in (3.26).
The procedure of this LSC on predicting total water storage M by runoff R is summarized in
the flowchart shown in Figure 3.6.
The same procedure is applied also for precipitation P and evapotranspiration ET. Therefore,
an integrated prediction of M by multiple variables P, ET, R can be expressed by
L = A X + ∆M B ,
Xˆ = (ATC−1LL A)
−1ATC−1LL L ,
Hˆ = C−1LL CLM ,
∆Mˆ = (Lobs − AXˆ)Hˆ ,
(3.27)
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A priori dataset for training
River runoff R Total water storage  M
Least-squares collocation with parameters
Build up model for R Subtracting seasonal mean from M
Prediction matrix H and parameters XR
Predicting ∆M by Robs Observation Robs
      (3.26)RR A X= ⋅           (3.23)M M M∆ = − 
              (3.22)RR A X M B= ⋅ + ∆ ⋅
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1
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ˆ  C                                 (3.22)
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− − −
−
=
=
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ˆ ˆ( )       (3.24)RM R AX H∆ = −
Predicted total water storage Mpre
pre
ˆ       (3.25)M M M= ∆ + 
training
Figure 3.6: Flowchart of predicting total water storage by river runoff using least-squares collocation with param-
eters.
where L = [P ET R] is as a prior joint dataset for training parameters X and prediction matrix
H, Lobs = [Pobs ETobs Robs] is as joint observation matrix for prediction. Accordingly, X =
[XP XET XR] contains model parameters for P, ET, R.
Briefly, in this collocation model, the model parameters of hydrological variables P, ET, R are
estimated by least-squares adjustment, and simultaneously the total water storage residuals
∆M are predicted by least-squares prediction, based on the adjusted residuals from P, ETR
observations.
In our application, we implement LSC to predict ∆M in 26 catchments, which are distributed
globally. The training period is from 2003 to 2010, and the prediction period is from 2011 to
2016. Results are shown in Figure 3.7 for the four catchments (Amazon, Yangtze, Mackenzie,
Lena). In Figure 3.7, the combined prediction from P, ET and R is more stable than the predic-
tion by P, ET, R individually. However, the prediction errors are still significant, especially for
Lena and Mackenzie. Distinct discrepancies between predicted TWS and observed TWS from
GRACE indicate insufficient prediction accuracy. The performance of least-squares collocation
on TWS prediction in four catchments is quantitatively summarized in Table 3.2. Negative
NSE and CNSE values reveals the unsatisfactory performance of the least-squares collocation,
despite the high correlation between predictions and observation from GRACE. In short, the
TWS is not well modeled by this least-squares collocation with parameters approach.
Least-squares prediction To model the observations in a non-parametric way, we refer to
the seasonal mean, due to the seasonality of hydrological observations. Therefore, we derive
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(a) Amazon
(c) Mackenzie
(b) Yangtze
(d) Lena
Figure 3.7: Estimations of total water storage change for (a) Amazon, (b) Yangtze, (c) Mackenzie, (d) Lena, respec-
tively, by Least-Squares Collocation on a linear-fit model of observations using precipitation, evapotranspiration
and runoff.
the residuals from observation time series by removing the cyclo-stationary mean instead of a
harmonic modelling in (3.26). Thus, we have
∆R = R− R˜ . (3.28)
Different from (3.22), in the least-squares prediction (LSP), now the observation variable R is
directly associated with the predictand M, getting rid of a mathematical model. Referring to
(2.40), the ∆M is predicted by ∆R in form of
∆M = ∆R · H , (3.29)
in which H the prediction matrix to estimated. As a consequence, the prediction matrix H is
obtained via
Hˆ = C−1RRCRM . (3.30)
In (3.30), both the covariance matrix CRR and cross-covariance matrix CRM are calculated based
on the residuals ∆R and ∆M. Therefore, the predicted TWS Mpre is eventually obtained by
∆Mˆ = ∆Robs · Hˆ = ∆RobsC−1RRCRM ,
Mpre = ∆Mˆ + M˜ .
(3.31)
We summarize the LSP on predicting total water storage M by a flowchart in Figure 3.8. Com-
paring with Figure 3.6, the LSP simplifies the prediction procedure in the training session.
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Figure 3.8: Flowchart of predicting total water storage by river runoff using least-squares prediction.
Similarly, we apply the same procedure as well for precipitation P and evapotranspiration ET.
To combine all the variables in the regression model, we expand the training dataset from R to
L = [∆P ∆ET ∆R], and observation dataset from Robs to Lobs = [∆Pobs ∆ETobs ∆Robs], subse-
quently the (3.27) becomes
∆M = L · H ,
Hˆ = C−1LL CLM ,
∆Mˆ = LobsHˆ .
(3.32)
Using the same training and predicting period as in the LSC, the predictions by LSP at residual
level are depicted in Figure 3.9. Again, the estimation of TWS by assimilating of P, ET and R
shows better agreement in the four catchments than prediction from individual variable, with
respect to the observations from GRACE. However, the level of prediction error is still high.
Comparing visually with Figure 3.7, the quality of estimation seems slightly improved, al-
though the discrepancy between prediction and observation from GRACE is still significant.
Performance of regression by LSP and LSC To evaluate the performance of the two
approaches, we refer to the statistical metrics: correlation coefficient, NSE, CNSE and PBIAS.
As listed in Table 3.2, evaluation results in the four catchments are calculated. Comparing with
the LSC based on a harmonic model L = AX, the LSP, directly implemented on the residu-
als, represents a better prediction for the TWS change in the four catchments, according to an
overview of Table 3.2.
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(a) Amazon
(c) Mackenzie
(b) Yangtze
(d) Lena
Figure 3.9: Estimations of total water storage change for (a) Amazon, (b) Yangtze, (c) Mackenzie, (d) Lena,
respectively, by Least-Squares Prediction on observation residuals using precipitation, evapotranspiration and
runoff.
Table 3.2: Performance of least-squares prediction and collocation using precipitation, evapotranspiration and
runoff.
Basin Observations Least-squares prediction Least-squares collocationR NSE CNSE PBIAS R NSE CNSE PBIAS
Amazon P 0.77 0.59 −2.93 0.14 0.64 0.17 −4.23 −0.04
ET 0.87 0.70 −0.60 0.36 0.86 0.73 −0.74 0.26
R 0.80 0.63 −1.90 0.14 0.80 0.21 −4.05 −0.11
P, ET, R 0.91 0.81 −0.15 0.20 0.87 0.74 −0.68 0.09
Yangtze P 0.40 0.14 −8.68 −0.45 0.51 −1.15 −5.66 0.44
ET 0.73 0.46 −0.77 0.33 0.76 0.55 −0.40 0.36
R 0.46 0.21 −10.15 0.17 0.56 −0.54 −3.76 −0.14
P, ET, R 0.74 0.49 −0.70 0.24 0.66 0.17 −1.56 0.29
Mackenzie P 0.53 0.26 −4.64 −0.01 0.48 −0.88 −5.66 0.34
ET 0.72 0.47 −1.16 0.20 0.73 0.33 −1.38 0.16
R 0.65 0.39 −2.70 0.25 0.44 −2.34 −10.80 0.39
P, ET, R 0.81 0.64 −0.53 0.04 0.77 0.32 −1.41 0.22
Lena P 0.45 0.12 −4.39 −1.21 0.52 −1.16 −5.79 −4.07
ET 0.70 0.32 −0.72 −0.54 0.64 0.40 −0.97 −0.45
R 0.67 0.40 −1.51 0.54 0.48 −0.40 −3.42 0.21
P, ET, R 0.71 0.36 −0.70 −0.45 0.63 0.23 −1.43 −0.48
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The values of PBIAS reveal the bias with respect to observed time series. An extreme over-
estimate by P is done by LSC for Lena. By comparison, using LSP improves the accuracy of
the prediction, according to the decreased bias. From Table 3.2, the better performance of LSP
from combined variables is demonstrated by higher correlation, NSE, CNSE in these four catch-
ments, despite PBIAS does not represent notable decrease of bias than other schemes. Unlike
LSP, the TWS variations in Yangtze and Lena are ideally estimated by LSC using individual
ET. The cyclo-stationary variability of ET in Yangtze and Lena probably leads to this better
performance of LSC than other variables. This indicates that the performance of LSC depends
on the accuracy of the mathemathical model for variables.
In order to realize the different performance from the two approaches, we therefore look at the
covariance matrix of prediction model errors. The error covariance matrix is estimated using
(2.43) and (2.47). From Figure 3.10, LSP on P and the ensemble of P, ET, R anomalies evidently
reduce the magnitude level of errors, comparing with the error covariance from LSC. The error
covariance of ET, R are relative at the same level for LSP and LSC. This explicitly explains the
different performance of LSP and LSC in Table 3.2.
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Figure 3.10: Covariance performance of prediction errors of two approaches: least-squares prediction and colloca-
tion, using (a) precipitation, (b) evapotranspiration, (c) runoff, and (d) combining all of them.
From Table 3.2, prediction from multiple variables with the preference of LSP approach pro-
vides more reliable predictions of TWS in the four catchments, which are under different
climatic conditions. Figure 3.10 reveals the preference of LSP approach for TWS prediction.
Therefore, it indicates that modeling the TWS change in catchments by an assimilation scheme
of multiple variables is our optimal choice, using LSP approach. However, the estimations
by LSP are still not good enough. Considering the time-invariant time lag between TWS and
P, ET, R in most of catchment (see 3.2.2), a more adaptive approach needs to be developed.
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3.2.4 Estimation by principal component regression
Variability of modes in observations In order to identify the different type of variability
in hydrological observations, a PCA decomposition is performed on these observations. As
expressed in (2.20), the decomposition of each variable P, ET, R by PCA is implemented by
P = UPVTP , ET = UETV
T
ET , R = URV
T
R , (3.33)
in which UP, UET, UR represent the temporal PCs of P, ET, R, respectively, and VP, VET, VR
contain the corresponding spatial EOFs. To identify the variability represented by each mode,
we look at the Fourier spectra of the temporal PC from each mode of the observations, cf. in
Figure 3.11.
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Figure 3.11: Spectra of the temporal PCs from first five modes by PCA decomposition on (a) precipitation, (b)
evapotranspiration, and (c) runoff.
Mode 1 in P, ET and R represents obviously annual signals, which dominate the observations.
In particular, the first modes in P and R contain 72% and 90% of total variance, respectively.
We can avoid any ill-conditioning of the covariance matrix and reduce the computation if we
make use of only the first five modes from observations for prediction. Alternatively, we can
implement regression on the residuals with constrained number of modes in order to eliminate
the noise from signals. In our study, the dominant annual cycle is removed from signals by
subtracting the cyclo-stationary mean from observations. As a consequence, the residuals that
we obtain contain only variation at semi-annual frequency, or even higher frequency, according
to the spectra visualized in Figure 3.11. Based on the residuals without strong annual compo-
nents, as demonstrated in 3.2.3, the performance of the principal component regression (PCR)
model supposes to be more stable.
Prediction of TWS by PCR As introduced in 2.4.2, we employ the principal component
regression (PCR) model to predict total water storage changes ∆M. Since the regression on
the residuals presents us a more stable performance than using a collocation with mathemat-
ical model (as discussed in 3.2.3), we implement PCR algorithm on P, ET, R residuals in the
following study.
For instance, we assume to predict the TWS residuals ∆M using runoff residuals ∆R. In this
case, we subtract the cyclo-stationary mean from both M and R in order to avoid the interfer-
ence from the strong seasonal signals. According to (2.56), the regression model of ∆M is built
up via
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∆M = ∆R · H = URVTR · H = UR · K . (3.34)
Now K = VRH is the new prediction matrix for the PC UR instead of H. As a consequence, the
K is regressed on the decomposed components UR instead of R. Referring to (2.57), we have
Kˆ = (UTRUR)
−1UTR∆M ,
Hˆ = VRKˆ .
(3.35)
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Figure 3.12: Flowchart of predicting total water storage by river runoff using principal component regression.
Once we obtain the prediction matrix Kˆ, the rest steps for prediction is as the same as LSP.
Therefore, the whole procedure of implementing the PCR algorithm is summarized in a
flowchart illustrated in Figure 3.12. The decomposition of ∆R and the regression of H on the
decomposed components are the crucial steps of PCR, as emphasized in a red box.
Using P and ET to predict M have the same procedure as illustrated in Figure 3.12. Combining
the residuals from all the observed variables P, ET, R in a comprehensive estimation of ∆M,
we have
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∆M = ∆P · HP + ∆ET · HET + ∆R · HR
= UPVTP HP +UETV
T
ET HET +URV
T
R HR
= UPKP +UETKET +URKR
= [UP UET UR] · [KP KET KR]T .
(3.36)
Unlike LSP, PCR separates the observation time series into different modes, and then extracts
the most important modes from the observations. The regression process is implemented not
directly on the observations but on those temporal PCs from the selected modes in the PCR
model. We have to notice that the number of modes used in (3.36) from different variables are
not uniform. In other words, UP, UET, UR could contain different number of PCs. As shown
in Figure 3.11, P, ET, R have different spectra of modes. Consequently, we need to choose the
proper number of modes for each variable, considering the different statistical characteristics.
In addition, the number of modes used in the regression is not fixed. Hence, it drives us to test
the performance of PCR using different number of modes.
Sensitivity of prediction to selected modes Since the PCR is implemented on the tem-
poral modes of observations, the number of modes which we select to do regression is con-
sequently relevant to the performance of PCR. For an optimal selection of modes, therefore,
it is essential to analyze the prediction of ∆M by different number of modes from observed
variables P, ET, R.
To quantify the influence of selected modes for each variable, the PCR performances in 26
catchments are evaluated by statistical metrics and visualized in Figure 3.13.
From the maps of PBIAS, the increase number of modes from ET results in a slight improve-
ment of PBIAS in most of basins, which indicates smaller bias between prediction and obser-
vation from GRACE. Meanwhile, for P and R, no distinct improvement of PBIAS is relevant
to the increasing number of modes. However, the increase number of modes does not help to
improve the agreement in phase, which is revealed by correlation coefficients in Figure 3.13.
In terms of NSE, the model performance does not depend on the number of modes. It seems
likely catchment-dependent. For instance, the modelling of TWS in catchments in the temper-
ate zone (e.g. Ganges, Yangtze, Danube) relies on the number of modes, while in the tropical
catchment like Amazon and in the boreal catchment like Ob and Yenisei, the prediction is in-
variant to the number of selected modes. As shown in Figure 3.13, regression based on 15
modes of observations has on average a good agreement with reference.
The values of CNSE reflect that in most catchments, predicting TWS by PCR is not as good as
using the mean annual cycle instead for prediction, despite the high values evaluated by NSE.
Combining with the results shown by PBIAS and correlation, we obtain the conclusion that
varying number of modes used for PCR results in the amplitude differences in our predictions.
For an optimal fit for the TWS from GRACE, 15 modes are commonly appropriate for predic-
tion, although there are optimal selections of modes with respect to each specific catchment.
Prediction with optimal choice of modes As a case study, again the TWS in the four
catchments (Amazon, Yangtze, Mackenzie, Lena) are predicted by PCR. As represented in Fig-
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ure 3.13, we eventually choose the number of modes with the largest NSE values for each
catchment as the optimal number of modes in the regression for prediction.
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Figure 3.13: Sensitivity test of prediction of total water storage change in 26 catchments by (a) precipitation,
(b) evapotranspiration, and (c) runoff, using principal component regression. The predictions with different
selected number of modes from observations are evaluated by correlation R, NSE, CNSE and PBIAS. Each row
index refers to a specific catchment.
The predicted monthly TWS as well as residuals by different schemes are visualized in Figure
3.14. At residual level, the prediction performs poorly in Mackenzie and Amazon. Good agree-
ment is represented in Amazon at signal level while large disagreement is shown at residual
level. The unstationary variation in the prediction period with respect to the training period
might result in the underestimates of TWS, although the Amazon basin shows evident cyclo-
stationary behaviours (see Figure 3.5). The non-stationarity in Mackenzie is revealed in the
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residuals. A distinct decreasing trend of observed ∆M in Figure 3.14 (c) can hardly be captured
by the PCR prediction.
Accordingly, the combination of multiple variables ∆P,∆ET,∆R has a stable performance in
the four catchments, comparing with the prediction from individual variable. Therefore, pre-
dicting TWS using multiple hydrological variables will be an optimal choice. By comparison
with Figure 3.7 and 3.9, the PCR improves significantly the quality of prediction. Hence, the
PCR approach is the preference for predicting the TWS, comparing to LSC and LSP.
(a) Amazon (b) Yangtze
(c) Mackenzie (d) Lena
Figure 3.14: Predictions of total water storage change as well as it residual for (a) Amazon, (b) Yangtze, (c)
Mackenzie, (d) Lena, respectively, by principal component regression on observation anomalies, using precipi-
tation, evapotranspiration and runoff. The observations and residuals of total water storage from GRACE are
plotted as well.
3.2.5 Estimation by partial least squares regression
Cross-covariance between TWS and P, ET, R Since the least-squares prediction is ac-
complished via training based on the cross-covariance, the mutual relationship between ob-
servations and predictions plays an important role. Hence, we firstly investigate the cross-
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covariances between total water storage change M and precipitation P, evapotranspiration ET,
runoff R.
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Figure 3.15: Auto-covariance and cross-covariance of (a) full signals (i.e. P, ET, R and M) and (b)residuals (i.e.
∆P, ∆ET, ∆R and ∆M) along temporal dimensions for each catchment. Each row/column index represents for
a specific catchment.
The cross-covariance matrix is calculated between P from five datasets, ET from two datasets,
R from three datasets and M from GRACE, and visualized in Figure 3.15 (a). The large mag-
nitude of covariance between P and M indicates the strong relevancy. However, smaller co-
variances between ET, R and M in the map indicates weaker relevancy than P. Despite the
smaller covariance between ET, R and M displayed in the Figure (b), we cannot conclude that
only weak relationships exist between ET, R and M. Moreover, the associated relationships
between residuals ∆ET,∆R and ∆M are enhanced in the covariance matrix of residuals, ac-
cording to Figure 3.15 (b). Besides ∆P, both ∆ET and ∆R represent significant association with
∆M. Therefore, at residual level, the relevancy of all three variables P, ET, R to M needs to be
take into account in the prediction.
Prediction of TWS by PLR Considering the relevancy of P, ET, R to M, we employ the
partial least-squares regression (PLR) to predict the TWS. Mathematically, predicting by PLR is
similar to PCR. Different from PCR, the cross-covariance between predictor and predictand is
involved in the PLR model. We use the predictors P, ET, R residuals that subtracting the cyclo-
stationary mean from the observations to predict the TWS at residual level. As an example,
we suppose to predict the total water storage changes ∆M by ∆R. According to (2.63), the
cross-covariance matrix CRM(l × s) between ∆R(n× l) and ∆M(n× s), in which the temporal
dimension vanishes, can be decomposed by SVD, writes
CRM =
1
n
∆RT∆M
= UCRMΣCRM V
T
CRM ,
(3.37)
in which UCRM , VCRM are the singular vectors of CRM, which are associated with each other.
Based on UCRM , the correspond PCs of ∆R, i.e. UR, is calculated via
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UR = ∆R ·UCRM . (3.38)
Referring to (2.64), we construct the linear model between ∆M and ∆R by
∆M = ∆R · H = URUTCRM H = URK . (3.39)
In (3.39), K is the new prediction matrix for UR instead of H for ∆R. Therefore, the K as well as
H is regressed on the UR as
Kˆ = (UTRUR)
−1UTR∆M ,
Hˆ = UCRM Kˆ ,
(3.40)
in which Hˆ is finalized back to the scale of ∆ by transformation of Kˆ in terms of a multiplication
with UCRM . Comparing with (3.35), PLR regresses the prediction matrix K on the joint modes
from ∆R that associating with ∆M, instead of the modes from individual ∆R.
Briefly, the procedure of implementing the PLR algorithm is illustrated by the flowchart in
Figure 3.16. From the decomposition of the cross-covariance matrix to the regression of the
prediction matrix H is the core part of the PLR model, which is highlighted in a red box.
In order to predict the ∆M by all the observed variables P, ET, R in a linear PLR model, we
expand the observation vector from ∆R to L = [∆P ∆ET ∆R]. Thus, (3.39) becomes
∆M = ∆P · HP + ∆ET · HET + ∆R · HR
= UPUTCPM HP +UETU
T
CETM HET +URV
T
CRM HR
= UPKP +UETKET +URKR
= [UP UET UR] [KP KET KR]
T .
(3.41)
Similar to PCR, PLR firstly decomposes the observations from P, ET, R but in a different way.
The associated information between P, ET, R and ∆M are extracted and retained in UP, UET,
UR. Again, as discussed in 3.2.5, the number of joint modes used in (3.41) from ∆P,∆ET,∆R is
not uniform. In other words, UCPM , UCETM , UCRM could contain different number of joint modes.
Moreover, in order to find the optimal combination of each variable with proper number of joint
modes, an evaluation needs to be involved on the performance of prediction using different
number of modes.
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Figure 3.16: Flowchart of predicting total water storage by river runoff using partial least-squares regression.
Sensitivity of prediction to selected joint modes The associated variations in the ob-
served time series of P, ET, R with M are assigned to the joint modes. Considering the mutual
prior information represented in the cross-covariance between observation and prediction, the
joint modes, which are decomposed based on these cross-covariance matrices, contain the sig-
nificant associated temporal variation for each side. A different number of selected joint modes
in the observations will lead to different performances of the PLR model. Therefore, we have
to carefully concern on the number of selected joint modes. It is worth testing the sensitivity of
prediction accuracy to the selection of the joint modes from individual observations.
For exploring statistically the performance of varying number of joint modes, we evaluate the
predicted TWS for 26 catchments with respect to GRACE observed TWS, and visualize the
values of metrics in Figure 3.17.
With the increase of number of modes, PBIAS is close to zero, indicating better agreement
in amplitudes. On the contrary, the decrease of number of modes in some catchments (e.g.
Danube, Mackenzie, Tigris) results in higher correlation in phase. It is simply to understand
this correlation pattern, because the most significant correlated variation are represented in the
first several modes. Using only the first several associated modes provides us good correla-
tions but loses the information in amplitudes, while more modes involved in the regression
gain more information in amplitude, but lead to more uncorrelated signals included in the
predictions.
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From NSE, it reveals no common optimal choice of joint modes for all catchments. In other
words, we need to find the balance between amplitude agreement and phase correlation in
one catchment, in order to gain the best performance. The highest values of NSE with respect
to the number of modes represent such a balance in different catchments, as shown in Figure
3.17. Comparing the CNSE map in Figure 3.17 with Figure Figure 3.13, it illustrates that PLR
has improved the accuracy of TWS estimation in more catchments than PCR, although it still
indicates insufficient accuracy of prediction in most of basins.
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Figure 3.17: Sensitivity of prediction of total water storage change in 26 catchments by (a) precipitation, (b)
evapotranspiration, and (c) runoff, using partial least squares regression. The predictions with different selected
number of joint modes from observations are evaluated by R, NSE, CNSE and PBIAS. Each row index stands
for a specific catchment.
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Prediction with optimal choice of joint modes For a case study, we apply the PLR
on prediction of TWS in four catchments with an optimal number of joint modes used in the
regression, as shown in Figure 3.18. The TWS residuals are predicted by PLR using different
schemes of observations. The monthly TWS prediction is obtained based on the predicted ∆M
and its seasonal mean.
(a) Amazon (b) Yangtze
(c) Mackenzie (d) Lena
Figure 3.18: Predictions of total water storage change as well as its residual for (a) Amazon, (b) Yangtze, (c)
Mackenzie, (d) Lena, respectively, by partial least-squares regression on observation anomalies, using precipi-
tation, evapotranspiration and runoff. The observations and residuals of total water storage from GRACE are
plotted as well.
From the prediction of TWS residuals, P has better performance in Amazon and Lena than ET
and R. This might be explained by the strong relevancy between ∆P and ∆M that represented
in the dominant joint modes. Still, the combination of ∆P,∆ET,∆R has more stable perfor-
mance in predicting TWS than any other individual variables. On the contrary, ∆M predicted
by ∆ET and ∆R is around 0, indicating the weak dependence of ∆M on ∆ET and ∆R.
Comparing with Figure 3.14, PLR shows relatively the same performance as PCR. The predic-
tion for Lena at residual level has a slight improvement, comparing to Figure 3.14, in which
the predicted ∆M in Lena is obviously overestimated. The prediction is largely improved by
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PLR, compared with 3.7 and 3.9. This improvement meets our expectation, since the associated
changes in TWS and precipitation, evapotranspiration and runoff are captured by the joint
modes.
Performance comparison of PCR and PLR PCR and PLR share some properties. For
example, both of them regress on the decomposed components of observations. This charac-
teristic can overcome the potential ill-condition problem. Moreover, they make use of the most
important information and eliminate the random noise in the observation time series.
PCR only considers the variability in observation data, whereas PLR takes the associated vari-
ability between observation and prediction data into account, which is the difference between
PCR and PLR. To explain visually the difference, we analyze the spectra of each mode. The
spectra of joint modes from TWS and P, ET, R are depicted in Figure 3.19, where TWS is the
predictant and P, ET, R are predictors.
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Figure 3.19: Spectra of the temporal PCs of the first five joint modes by CCA decomposition from (a) precipitation,
(b) evapotranspiration, (c) runoff, with total water storage, respectively. The percentage of joint modes in each
field is also shown in the figure.
The correlated variation in both fields are identified by those canonical joint modes. In Fig-
ure 3.19, the first canonical joint mode clearly represents annual variation both in TWS and
other hydrological variables except for R. Notice that the first joint mode is not necessarily the
dominant mode in each field, like the joint mode 1 in TWS, corresponding to evapotranspira-
tion. Comparing with the spectra in Figure 3.11, modes with high correlation but low variance
in the time series are emphasized by PLR. For instance, mode 3 of R is still identified even
though it acts as a small part of signal, associating with the mode 3 in ∆M with 17% variance.
In other word, unlike PCR, PLR is able to extract the correlated information and to get rid of
uncorrelated noise for training.
Table 3.3 shows the performance of PCR and PLR in four catchment in terms of R, NSE, CNSE,
and PBIAS. The number of modes in each catchment are decided based on the statistical results
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Table 3.3: Performance of principal component and partial least-squares regression of precipitation, evapotranspi-
ration and runoff, based on the optimal choice of modes.
Basin Observations Principal component regression Partial least-squares regressionR NSE CNSE PBIAS R NSE CNSE PBIAS
Amazon P 0.93 0.85 0.05 0.56 0.93 0.84 0.06 0.41
ET 0.92 0.81 0.01 0.42 0.92 0.82 0.01 0.30
R 0.93 0.85 0.04 0.52 0.93 0.84 0.01 0.40
P, ET, R 0.92 0.82 −0.15 0.25 0.92 0.84 −0.06 0.14
Yangtze P 0.83 0.64 −0.11 0.54 0.82 0.64 −0.11 0.30
ET 0.80 0.62 −0.17 0.31 0.80 0.63 −0.16 0.23
R 0.85 0.68 0.01 0.34 0.85 0.68 0.02 0.35
P, ET, R 0.84 0.68 0.02 0.14 0.84 0.67 0.01 0.12
Mackenzie P 0.84 0.58 −0.49 0.54 0.84 0.59 −0.46 0.45
ET 0.83 0.64 −0.28 0.33 0.82 0.63 −0.30 0.27
R 0.85 0.65 −0.07 0.32 0.85 0.67 −0.07 0.30
P, ET, R 0.84 0.70 −0.26 0.14 0.85 0.70 −0.16 0.13
Lena P 0.90 0.81 −0.08 0.13 0.90 0.78 −0.24 0.12
ET 0.89 0.78 −0.27 0.14 0.90 0.78 −0.25 0.17
R 0.91 0.81 0.05 0.04 0.85 0.79 −0.19 0.04
P, ET, R 0.89 0.79 −0.24 0.09 0.85 0.79 −0.18 0.11
that represented in Figure 3.13 and 3.17. From Table 3.3, there is no distinct difference in corre-
lation between PCR and PLR. After compressing data into a number of modes, we obtain good
consistency by both PCR and PLR. The predicted time series fit exactly with the observed one
from GRACE in Amazon and Lena, indicated by high NSE. According to the values of CNSE,
PCR performs relatively better performance than PLR in boreal catchments (i.e., Mackenzie and
Lena). The TWS changes in Amazon and Yangtze basin are estimated with equivalent accuracy
by PCR and PLR.
Assimilating P, ET, R in the regression models improves the prediction, which is illustrated
by the evident reduction of bias in PBIAS. As represented in Table 3.3, modelling TWS by R
gains the optimal prediction in catchments except for Mackenzie. The bad quality of prediction
in Mackenzie probably owes to the time-invariant temporal shift between runoff and water
storage change under cold and dry climatic condition.
3.2.6 Estimation by adaptive moving average regression
Since the terrestrial water cycle is a dynamic process, TWS does not vary simultaneously with
the variation of P, ET and R. As a consequence, the ∆M at epoch t might relate to the ∆R at
previous epochs, which can be expressed by a moving average model
∆M(t) = H1 · ∆R(t) + H2 · ∆R(t− 1) + · · · + Hk · ∆R(t− k + 1)
= [∆R1(t) ∆R2(t) · · · ∆Rk(t)] · [H1 H2 · · · Hk]T ,
(3.42)
in which ∆R(t − k + 1) is expressed by ∆Rk. In this case, k denotes the order of the moving
average (MA) model. In our applications, we define the order k ranging from 0 to 11, since hy-
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drological observations generally have annual cycles. The monthly anomalies ∆R are obtained
by removing directly the mean annual cycle from the observations.
Instead of ∆R at the same epoch with ∆M in LSP, the observations are the ensemble of ∆Rk
at epochs with k temporal shift back, in the moving average regression model (MAR). Hence,
as an example, a comprehensive estimation of ∆M at epoch t using ensembles of residuals ∆R
with k− 1 temporal shifting is expressed by
∆M = ∆R · H
= [∆R1 ∆R2 · · · ∆Rk] H ,
(3.43)
where each ∆Rk in ∆R is a n× l matrix, containing l number of time series with n epochs from
different sources (i.e. different hydrological models). Thus, ∆R becomes a (n× l)× k) matrix,
written in form of
∆Rk =

∆R1,1 ∆R1,2 · · · ∆R1,l
∆R2,1 ∆R2,2 · · · ∆R2,l
...
...
. . .
...
∆Rn,1 ∆Rn,2 · · · ∆Rn,l
 ,
∆R =
[
∆R1 ∆R2 · · · ∆Rk
]
.
(3.44)
Alternatively, the ∆R can also be arranged in form of
∆Rl =

∆R(t1) ∆R(t1 − 1) · · · ∆R(t1 − k + 1)
∆R(t2) ∆R(t2 − 1) · · · ∆R(t2 − k + 1)
...
...
. . .
...
∆R(tn) ∆R(tn − 1) · · · ∆R(tn − k + 1)
 ,
∆R =
[
∆R1 ∆R2 · · · ∆Rl
]
,
(3.45)
in which ∆Rl is a n× k matrix, consisting of n epochs time series with k times shifting. There-
fore, ∆R is a (n× k)× l) matrix. For regression, ∆R is prepared as an MA ensemble in LSP. The
procedure of this moving average least squares prediction (MA-LSP)is briefly described in a
flowchart in Figure 3.20. In fact, the only difference from LSP is the input predictor R. In MA-
LSP, R is an ensemble based on the form of MA model, considering the temporal shift between
∆M and ∆R. Similarly, the MA ensembles from P and ET are also generated as represented in
(3.44) or (3.45).
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Figure 3.20: Flowchart of predicting total water storage by river runoff using an adaptive moving average least
squares prediction.
Prediction by MA-LSP using multiple variables To investigate the effect of different
variables on the prediction of TWS, we evaluate the performance of the prediction by the en-
semble of ∆P, ∆ET, ∆R, respectively. Since the Danube basin is weakly cyclo-stationary in
TWS variation, prediction in such a basin is a challenge. Therefore, the Danube basin is cho-
sen as a case study. In Figure 3.21, the predictions of M and ∆M as well as the measurements
from GRACE in the Danube basin are visualized. We obtain the prediction of M by the sum of
the predicted ∆M and its cyclo-stationary mean M˜. To make the predictions comparable, we
consider the order k = 12 as a fixed parameter.
As shown in Figure 3.21 (a), the prediction by a joint dataset of P, ET and R has the largest val-
ues of R and NSE and the smallest value of RMSE. It indicates that a joint dataset consisting of
P, ET, R performs better than any other predictions. For individual variables, ET shows a large
disagreement with GRACE observed time series, represented by Figure 3.21 (a) and (b). Both P
and R fit very well with observations, indicating that the TWS is successfully modeled by P and
R in a MA-LSP scheme. In particular, the prediction by P is extremely close to the prediction
by a combination of P, ET, R, indicating a better performance than ET and R. Additionally, af-
ter applying an adaptive moving average model on P, the performance of prediction by P has
been improved remarkably, compared with Figure 3.7 and 3.9. As a result, a prediction scheme
combining P, ET and R together is the basis for prediction in the following analysis.
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(a) Prediction of TWS by different variables using MA-LSP
(b) Prediction of TWS residuals by different variables using MA-LSP
Figure 3.21: Predicting the total water storage (a) and its residuals (b) in Danube basin by adaptive moving
average least-squares prediction model, using observations from precipitation (P), evapotranspiration (ET),
runoff (R), respectively, and joint observations of P, ET, R. The performances of prediction are evaluated by R,
NSE, and RMSE.
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Figure 3.22: Sensitivity test of prediction of total water storage change in 26 catchments by combination of precip-
itation, evapotranspiration, and runoff, using least-squares prediction. The predictions with different selected
order of MAR model are evaluated by correlation, NSE, CNSE and PBIAS.
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Sensitivity of prediction to MAR model order The TWS in 26 catchments are now
estimated by MA-LSP using time series from joint datasets of ∆P, ∆ET and ∆R, with different
MA order from 0 to 11.
Figure 3.22 shows that, for most of catchments, a higher MA model order leads to better correla-
tion. The order does not affect the prediction in some big catchments like Mackenzie, Amazon,
and Mississippi, represented by the constant correlations. The pattern from PBIAS indicates
that smaller bias are achieved when lower order MA is applied. On the contrary, NSE shows
a better performance when the order of MA increases for most of catchments. A similar con-
clusion is obtained from the values of CNSE in Figure 3.22. This indicates that prediction by a
full cycle (i.e. k = 11) evidently reduces the uncertainty of observations. In other words, the
influence of abnormal variation in precipitation, evapotranspiration, or runoff, which may not
contribute to the changes in TWS, is likely smoothed via the MA model. Hence, considering
the effect of MA order, we implement the prediction algorithm optimally with the order 11 in
the following studies.
(a)
(b)
RMAPLR = 0.89
RMALSP = 0.92
RMAPCR = 0.89
NSEMAPLR = 0.81
RMSEMAPLR = 18.7 [mm]
NSEPMALSP = 0.83
RMSEMALSP = 16.2 [mm]
NSEMAPCR = 0.78
RMSEMAPCR = 18.1 [mm]
RPLR = 0.80
RLSP = 0.53
RPCR = 0.81
NSEPLR = 0.60
RMSEPLR = 25.6 [mm]
NSELSP = -0.28
RMSELSP = 44.0 [mm]
NSEPCR = 0.58
RMSEPCR = 25.3 [mm]
(c)
Figure 3.23: (a) Total water storage prediction in Danube basin by least-squares prediction, principal compo-
nent regression, and partial least-squares regression. (b) Total water storage prediction in Danube basin by the
adaptive moving average model with least-squares prediction, principal component regression, and partial least-
squares regression. (c) Prediction of residuals of total water storage in Danube basin by the adaptive moving
average model with least-squares prediction, principal component regression, and partial least-squares regres-
sion. The observations and residuals of total water storage from GRACE are plotted as well. The performances
of predictions are evaluated in terms of R, NSE and RMSE, shown on the right hand side of the time series.
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Performance comparison of MA-LSP, MA-PCR and MA-PLR From 3.2.4 and 3.2.5,
we have already realized that both PCR and PLR can improve the accuracy of prediction by
simple LSP. We now assess the performance of LSP, PCR, PLR in combination with MA model
(MA-LSP, MA-PCR, MA-PLR, respectively), again by case study in the Danube basin.
The prediction of TWS variation in Danube basin by LSP, PCR, and PLR with and without
adding MA are depicted in Figure 3.23. Figure 3.23 (a) shows that LSP performs poorly. The
TWS predicted by LSP is unacceptable, considering the negative value of NSE. PCR and PLR
perform more or less at the same level, with similar metrics. Both PCR and PLR performs well
in estimating the TWS.
From Figure 3.23 (b), combining with MA model, it obviously improves the accuracy of predic-
tion. The prediction by LSP is significantly improved, fitting almost perfectly with the obser-
vation time series (NSE = 0.92). The accuracy of prediction by PCR and PLR are subsequently
improved as well, after integration with MA model. Compared with MA-PCR, MA-PLR has
better performance overall with respect to NSE, while with larger errors revealed by RMSE.
Despite the slight difference, MA-PCR and MA-PLR perform equally in the TWS prediction by
multiple variables.
Figure 3.23 (c) shows the agreement between the predicted residuals and the residuals from
GRACE, explaining the improvement by MA-LSP, MA-PCR and MA-PLR in Figure 3.23 (b).
All the three approaches represents equivalently good performances.
Table 3.4: Performance of principal component and partial least-squares regression of precipitation, evapotranspi-
ration and runoff, based on the optimal choice of modes.
Method Basin R NSE CNSE PBIAS RMSE [mm]
MALSP Amazon 0.95 0.88 0.24 0.21 23.2
Yangtze 0.77 0.55 −0.42 0.58 15.9
Mackenzie 0.78 0.57 −0.35 0.32 31.9
Lena 0.89 0.79 −0.23 −0.14 17.4
Danube 0.92 0.83 0.26 0.42 16.2
MAPCR Amazon 0.90 0.80 0.06 0.43 29.8
Yangtze 0.68 0.39 −0.60 0.35 18.8
Mackenzie 0.75 0.51 −0.73 0.25 33.9
Lena 0.70 0.35 −0.82 −0.13 30.4
Danube 0.89 0.78 0.08 0.65 18.1
MAPLR Amazon 0.92 0.84 0.09 0.45 26.3
Yangtze 0.79 0.56 −0.37 0.39 12.5
Mackenzie 0.67 0.37 −1.25 0.19 38.6
Lena 0.87 0.75 −0.49 −0.18 19.1
Danube 0.89 0.81 0.14 0.61 18.7
To compare the results with those illustrated in Table 3.2 and 3.3, we also implement these
three types of algorithm in Amazon, Yangtze, Mackenzie and Lena. The statistical results are
represented in Table 3.4. Combining with a moving average process, we achieve extremely
good correlation.
From Table 3.4, the TWS prediction by MA-LSP, MA-PCR and MA-PLR fit very well with
GRACE in Amazon. For catchments with a strong cyclo-stationarity (e.g. Amazon), MA-LSP is
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capable to gain sufficient accuracy and therefore is the optimal approach. However, for catch-
ments in the temperate zone with non cyclo-stationary behaviour (e.q. Yangtze), MA-PLR ac-
quires relatively higher prediction accuracy than MA-LSP, according to the reduction in RMSE,
although both of them show negative values of CNSE. Despite MA-LSP has relatively better
performance in Danube, the slight improvement indicates that MA-LSP, MA-PCR, MA-PLR
have an accuracy at the same level, which is also represented in Figure 3.23.
Neither MA-LSP, MA-PCR nor MA-PLR represent sufficient accuracy in Mackenzie and Lena.
By comparison, MA-LSP achieves relatively better accuracy in Mackenzie and Lena according
to R, NSE and CNSE. Whereas, the smaller values of PBIAS and RMSE indicate better per-
formance from MA-PLR. For these boreal catchments, which are under cold and dry climatic
condition, we still do not find an appropriate approach to model the TWS by assimilating P,
ET, R. In other words, there is no optimal regression model yet for boreal catchments.
Therefore, we need to consider the characteristics of specific catchments, when employing a
proper statistical approach. As a conclusion, our analysis shows that after introducing the MA
model, MA-LSP is able to predict TWS with good accuracy. Considering the slight differences
between MA-LSP, MA-PCR and MA-PLR, any of them can be adopted as an appropriate as-
similation approach for TWS modelling.
3.3 Spatial downscaling of water storage variation in catchment
As we have discussed in 3.1.2, due to the limited spatio-temporal resolution of GRACE, it is
still difficult to involve GRACE observed total water storage (TWS) variations in the small-
scale basins for hydrological studies. This consequently drives us to downscale the GRACE
product for better spatial resolution. Various downscaling approaches have been employed to
improve the spatial resolution of hydrological observations. Zaitchik et al. (2008) developed
a model-based data assimilation method (i.e. ensemble Kalman filter) that assimilate GRACE
TWS into a land surface model (LSM) to gain finer resolution of hydrological variables, but
no downscaled TWS was produced from the model. Similarly, this model-based assimilation
approach has been applied in some other studies (Houborg et al., 2012; Eicker et al., 2014) to
improve the hydrological models. Besides the model-based assimilation, a non-parametric,
empirical downscaling method has been developed based on artificial neural network (ANN)
for hydro-geodetic applications in a number of studies. Sun (2013) applied an ANN-based
model to predict water level change by incorporating GRACE with hydro-meteorological vari-
ables. Long et al. (2014) used an ANN to predict TWS by other variables (e.g., precipitation,
soil moisture, and temperature). Seyoum and Milewski (2017) employed ANN-based down-
scaling to achieve high-resolution TWS, by integrating GRACE TWS with other hydrological
variables.
Thus, the objective of our study is to develop and test a replicable approach to downscale
the coarse TWS from GRACE. To accomplish this objective, we assimilate observed TWS from
GRACE with modeled TWS from a higher spatially resolved model. Multiple hydrological
variables, such as precipitation, evapotranspiration, and runoff, are integrated with TWS, since
all of them are involved in the terrestrial water cycle dynamics. For the sake of assimilation, an
adaptive moving average partial least-squares regression, as an empirical approach, is conse-
quently applied on a joint dataset consisted of multiple variables.
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3.3.1 Statistical scenario
Datasets According to the water balance, the linear relationship between total water storage,
precipitation, evapotranspiration, and runoff can be utilized for assimilation. We use the hy-
drological data from models with training period 2003-2009, which are listed in Table 3.1, both
for training and prediction. The WaterGap Global Hydrology Model (WGHM) (Döll et al.,
2003; Döll et al., 2014a) is a global water resources and use model, providing a spatial reso-
lution of 0.5◦ × 0.5◦. It simulates water flows among all relevant continental water storage
compartments, including canopy, snow, soil, groundwater, lakes, reservoirs, rivers and wet-
lands. Despite the fine resolution for small-scale change, however, the uncertainties in climate
forcings limit the accuracy of WGHM in monitoring large-scale water storage variation (Döll
et al., 2014a; Döll et al., 2014b). Thus, we consider to merge WGHM with GRACE in order
to obtain reliable estimation of TWS both at large scale and small scale. We use the monthly
1◦ × 1◦ TWS fields from WGHM as a priori data from January 2003 to December 2009 for train-
ing, together with monthly catchment aggregates from GRACE for training and prediction. To
make it comparable with GRACE TWS grids, we average the TWS from WGHM onto a 1◦ × 1◦
TWS field. Meanwhile, the monthly TWS grids from GLDAS NOAH model field are also in-
volved to compare with downscaled grids, with spatial resolution of 1◦, from January 2004 to
December 2009 (Rodell et al., 2004; Rodell and Beaudoing, 2015).
Figure 3.24: Illustration of the scenario for GRACE product downscaling.
In this downscaling framework, multiple hydrological variables (i.e. P, ET, R) as well as TWS
are employed as inputs while the TWS grids are the only output of our model. Accordingly,
this process can be considered as an assimilation of hydro-geodetic observations. We assimilate
the observations from hydrological models and the high-resolved TWS from WGHM into our
model to improve the spatial resolution of GRACE fields.
The flowchart of this statistical assimilation is shown in Figure 3.24. The associated information
between TWS and multiple hydrological variables can be extracted via canonical joint modes,
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using partial least-squares regression (PLR). The time-dependent temporal shifts between P,
ET, R and ∆M are considered by the the moving average (MA) ensembles. Therefore, in order
to assimilate the GRACE product with high resolution data from hydrological models, firstly
we build up a prior training dataset, which consists of the TWS from GRACE and WGHM, and
P, ET, R from a number of hydrological models. Next, we implement the MA-PLR model on
this training dataset.
As discussed in 3.2, the regression on the residuals is more stable than on the full signals.
Hence, before we implement the MA-PLR model, a pre-processing step is still necessary to
subtract the dominant signals and retain the residuals from all the data. The cyclo-stationary
mean is simply subtracted from GRACE and P, ET, R models, and subsequently we obtain the
∆MGRACE, ∆P, ∆ET, ∆R at residual level. In this study, for acquisition of TWS residuals from
WGHM, we address two different schemes,
1. subtracting the cyclo-stationary mean of GRACE from WGHM:
∆MWGHM = MWGHM − M˜GRACE;
2. subtracting GRACE full signal from WGHM:
∆MWGHM = MWGHM −MGRACE.
The first scheme removes the cyclo-stationary mean that is the dominant variation in TWS
change, and adds it back to the output, which is estimated by the regression on the residu-
als. Thus, the observations from GRACE and P, ET, R are regressed on the difference between
MWGHM and M˜GRACE. In other words, the dominant part of TWS from GRACE is maintained,
and the rest part of TWS is assimilated by TWS from WGHM and other hydrological vari-
ables.
Different from the first scheme, the second scheme directly removes the full signal of GRACE
from WGHM. It means that the difference between GRACE and WGHM is regressed by train-
ing on the a prior dataset. To investigate the performance of these two downscaling schemes,
both of them are experimented in the following study.
In addition, there are also two different schemes when using P, ET, R from the hydrological
models for assimilation,
1. using aggregates of P, ET, R over catchment:
∆P = ∆Pbasin, ∆ET = ∆ETbasin, ∆R = ∆Rbasin;
2. using P, ET, R grids corresponding to each grid point in ∆MWGHM:
∆P = ∆Pgrid, ∆ET = ∆ETgrid, ∆R = ∆Rgrid.
Table 3.5: Settings of three different schemes used for the training and prediction in the downscaling frame.
Scheme TWS residuals from WGHM P, ET, R residuals from models
1 ∆MWGHM = MWGHM − M˜GRACE ∆P = ∆Pbasin, ∆ET = ∆ETbasin, ∆R = ∆Rbasin
2 ∆MWGHM = MWGHM −MGRACE ∆P = ∆Pbasin, ∆ET = ∆ETbasin, ∆R = ∆Rbasin
3 ∆MWGHM = MWGHM −MGRACE ∆P = ∆Pgrid, ∆ET = ∆ETgrid, ∆R = ∆Rgrid
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In fact, both the first and the second scheme produce ensembles with the same size. Consider-
ing the different schemes proposed for residual calculation, three schemes are employed and
compared in this thesis, as shown in Table 3.5. As a consequence, referring to (2.64), the training
dataset is composed by
∆MWGHM = L H = UL K
= [∆P ∆ET ∆R ∆MGRACE] [HP HET HR HM]
T ,
∆P = [∆P1 ∆P2 · · · ∆Pm] ,
∆ET = [∆ET1 ∆ET2 · · · ∆ETm] ,
∆R = [∆R1 ∆R2 · · · ∆Rm] .
(3.46)
In (3.46), H and K are the prediction matrices that need to be determined. ∆P, ∆ET, ∆R are
n × (k × m) matrices, assembling m number of models and MA(k − 1) shifting. In this case
study, we gain the ensemble of ∆P, ∆ET, ∆R from different number of hydrological models.
We select the order of 11 for the MA model in order to take all the epochs in a year into com-
putation. Thus, ∆Pm, ∆ETm, ∆Rm(n× k) are composed in form of a MA(11) model with respect
to (3.42), containing k = 12 time series. ∆MWGHM(n× s) is obtained from WGHM for training,
in which s is the number of grids within the catchment. ∆MGRACE(n× 1) represents one single
time series from the GRACE observed TWS after aggregation over the catchment. Therefore,
the prediction matrix K as well as H is regressed by implementing MA-PLR algorithm on the
training datasets ∆MWGHM and L. As a result, the downscaled TWS are eventually estimated
by LH or ULK. The output TWS from the assimilation approach is finally calculated on a 1◦× 1◦
grid.
3.3.2 Case study: downscaling GRACE in Amazon
Three assimilation schemes are exemplary performed in Amazon basin for a case study. In this
case, for convenience of comparisons with GRACE and WGHM, both the training and predic-
tion step are implemented based on the same time period 2003–2009. The downscaled TWS
in Amazon at different epochs is shown in Figure 3.25 as well as the TWS grids from GRACE,
WGHM and GLDAS. Comparing GRACE with WGHM, they represent distinct different pat-
terns. GRACE provides reliable measurement of large-scale terrestrial water storage change,
while WGHM emphasizes the detailed water mass variation at smaller scale.
According to Figure 3.25, the assimilated TWS refines GRACE with higher spatial resolution.
On one hand, comparing with the patterns from GRACE, the assimilated TWS grids have simi-
lar patterns, while it is clear that they are downscaled in terms of higher spatial resolutions. On
the other hand, comparing with the patterns from WGHM, the water mass changes along the
water flows are also revealed in the assimilated TWS grids, which meet our expectation. For
example, in September 2005, GRACE only provides a footprint in the northeastern Amazon.
The assimilated TWS keeps in accordance with GRACE, revealing similar patterns at large-
scale. Meanwhile, detailed variations are emphasized spatially along the river main stream in
the assimilated TWS, which is also represented by WGHM. As a result, we find that the TWS
from GRACE and WGHM are successfully assimilated into our estimation with more details in
spatial domain.
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Figure 3.25: The downscaled TWS in Amazon from three different schemes TWS grids as well as TWS grids from
GRACE, WGHM and GLDAS, at four different epochs (i.e., March 2004, September 2005, December 2006,
June 2008).
89
The downscaling of spatial resolution is achieved by the three different schemes of Table 3.5,
visualized in Figure 3.25. Among those patterns, scheme 3 indicates more details than the
other two schemes. It indicates that using multiple hydrological variables P, ET, R at specific
grid point produces higher spatial resolutions than using aggregates over catchment.
In addition, the TWS from GLDAS represents an incomparable pattern with other sources,
indicating not even as good as the spatial resolution of GRACE product. Therefore, the TWS
from GLDAS is not further discussed and compared with others in the following content.
Figure 3.26: Monthly aggregates of the TWS over the Amazon basin from GRACE, WGHM and assimilations
using three different schemes.
Validation by aggregation over catchment In order to validate the downscaled TWS,
we aggregate the TWS grids from GRACE, WGHM, and assimilated versions over Amazon, as
plotted in Figure 3.26. The aggregates of TWS from three different assimilations fit extremely
well with the aggregates from GRACE. The assimilated TWS approaching to GRACE indicates
that these estimated TWS grids can be considered equivalently as GRACE product. Comparing
with WGHM, a distinct disagreement exists between the aggregates from assimilated versions
and WGHM.
Additionally, using three different schemes for training and prediction produces equivalently
reliable estimations, which are represented in Figure 3.26. In other words, either subtracting
the seasonal mean of GRACE or the full signal of GRACE from WGHM does not significantly
affect the assimilation results.
According to both Figure 3.25 and 3.26, the consistencies with GRACE in aggregate time series
follow the mass conservation in a catchment, while the differences in spatial patterns indicate
a adjusted redistribution after our assimilations. Therefore, assimilating WGHM into GRACE
with multiple hydrological variables indeed downscales the spatial resolution of GRACE.
Annual amplitudes and linear trends The linear trend and the annual amplitude of
assimilated TWS as well as of GRACE and WGHM in Amazon are quantified by a simple
least-squares linear and harmonic regression, and visualized in Figure 3.27. Comparing with
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Figure 3.27: (a)The linear trend, (b) the annual amplitude, (c) the RMS of full signals, and (d) the RMS of
residuals of TWS grids in Amazon basin derived from GRACE, WGHM, and downscaled TWS by assimilation
using three different schemes.
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GRACE, the annual variations of assimilated TWS match exactly with pattern from GRACE.
From Figure 3.27 (b), it indicates that the large-scale features of GRACE-observed TWS are
maintained in the downscaling process, according to the consistent annual amplitudes. How-
ever, the small-scale features revealed in WGHM are not visible in assimilations. These similar
annual patterns with GRACE and differences between WGHM and assimilates illustrate that
WGHM does not contribute remarkably to the annual variation in TWS through this assimila-
tion approach. The annual signals from GRACE still play a dominant role in the assimilated
TWS.
Conversely, the linear trends from GRACE and assimilates show notable difference, while the
trend from assimilations represent patterns much closer to WGHM. Particularly, the pattern
of assimilation by scheme 3 is more relevant to WGHM. In Figure 3.27 (a), the evident posi-
tive trend along the water flow with east-west direction in Amazon is not revealed in GRACE
but identified from WGHM and our assimilation. Additionally, the strong negative trend in
southeastern Amazon is enhanced by our assimilated TWS, which is also reflected in GRACE.
In a word, the assimilated TWS evidently downscales the spatial resolution in aspect of linear
trend, retaining the large-scale features and refining GRACE at small scale.
From Figure 3.27 (c), all the three assimilates improve the spatial resolutions distinctly, com-
paring with the RMS of GRACE. Both the large-scale features of GRACE and the small-scale
variation from WGHM are visible in our downscaled TWS grids. Comparing Figure 3.27 (c)
and (d), the notable variation in northeastern Amazon is eliminated in GRACE on residual
levels, while is still retained in WGHM and assimilation. It indicates that these anomalous
change along the river flows in the basin cannot be recognized from GRACE product. This
deficiency in GRACE product is successfully compensated by assimilation with WGHM and
multiple hydrological variables from high-resolved models.
March 2004 September 2005 December 2006 June 2008
Figure 3.28: Monthly TWS of one arbitrary grid point in the Amazon basin from GRACE, WGHM and assimi-
lations using three different schemes.
As shown in Figure 3.27 (b), it seems that downscaling is not effective due to the same spatial
patterns of annual amplitude from GRACE and assimilation. In order to investigate the per-
formance of downscaling, we choose an arbitrary gridcell in the northeastern part of Amazon
to see the TWS over time. Figure 3.28 shows the time series of this selected grid point from
GRACE, WGHM and assimilated products from the three different schemes. Although the ag-
gregates of assimilated TWS over catchment shows perfect agreement with aggregates from
GRACE that were illustrated in Figure 3.26, the difference is still visible in the time series at
grid scale.
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According to Figure 3.28, assimilated TWS is capable to capture the anomalous change at cer-
tain epochs, comparing with WGHM. Regression on the residual level in our downscaling
frame explains this invisible difference in annual variation, since we acquire the residuals by
subtracting the dominant annual component. In particular, evident differences are noticed at
some epochs, e.g. March 2004, September 2005, December 2012, June 2008, as plotted in Figure
3.26. The corresponding spatial patterns at those epochs are visualized in Figure 3.25, respec-
tively. In fact, the anomalous variations that is unobservable in GRACE are spatially reflected
in downscaled TWS grids.
Validation by water balance The misclosure ε of the terrestrial water balance in a catch-
ment is introduced to validate our assimilation results, which mathematically writes
ε = P− ET − R− dM
dt
, (3.47)
where the water storage fluxes dM/dt is calculated by the first derivative of TWS change M.
We use the ensemble mean of all the available models listed in Table 3.1 for each variable P, ET,
R, and then calculate the misclosure ε for each grid cell at each epoch as the imbalance of water
budget in Amazon. Based on the misclosure, we evaluate the performance of our downscaled
TWS fields in terms of ε, mean of the misclosure ε¯, and RMS(ε).
In Figure 3.29, the imbalance of the water budget is large in the northwestern part of the basin,
and at the grid points along the river near the outlet. Comparing with WGHM, GRACE has
better performance in terms of water balance, although the spatial resolution of GRACE is
coarser. The mean of water balance in Figure 3.29 (b) represents a similar performance from
each source. Large RMS values of misclosure in Figure 3.29 (c) from WGHM indicates the un-
precise estimation for TWS, comparing with GRACE. Based upon the pattern of misclosures,
the assimilated TWS perform stably in most regions of Amazon. Comparing the assimilated
results with GRACE and WGHM, most parts of basin represent relatively the same level of
closing errors, indicating the reliability of our assimilation. In northeastern Amazon, the mis-
closures from our assimilation match with the pattern of GRACE rather than WGHM, accord-
ing to Figure 3.29 (a), (b), and (c). This consistency with GRACE in water balance suggests
that the downscaled TWS grids maintain the same level of accuracy as GRACE, even though
the assimilated products do not improve the accuracy of TWS estimation. The bias in the TWS
from GRACE is still there in the downscaled TWS, that is not significantly eliminated by as-
similating WGHM and hydrological variables. Comparing the RMS of TWS in Figure 3.27 (c)
(d) with the RMS of misclosures in Figure 3.29 illustrates that our downscaled TWS enhances
the small-scale variation in Amazon with aid of WGHM, and also ensures the accuracy and
reliability at the same level as GRACE.
Performance of downscaling by different number of joint modes Since we already
found in 3.2.5 that a different number of joint modes used in the PLR model causes differences
in prediction results, it is essential to see the influence on the downscaled TWS. Therefore,
to evaluate the performance of assmilation by different number of joint modes, we compare
our assimilates with TWS from both GRACE and WGHM in terms of NSE and RMSE. In this
case, we choose the third scheme in Table 3.5 for assimilation. 3, 5, 10, 15 joint modes between
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Figure 3.29: (a) The misclosure of the water balance in Amazon basin at epoch September 2005 as well as its (b)
mean and (c) RMS, in which the water storage fluxes are obtained from GRACE, WGHM, downscaled TWS
from three different schemes, respectively.
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∆MWGHM and the ensemble of observations L are exemplarily selected in MA-PLR implemen-
tation, as shown in Figure 3.30, respectively. Additionally, an arbitrary epoch is visualized as
an example.
NSE NSERMSE RMSE
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in Sep. 2005
Figure 3.30: Downscaled total water storage in Amazon basin using adaptive moving average partial least-squares
regression by different number of joint modes (i.e. 3 joint modes, 5 joint modes, 10 joint modes, 15 joint modes)
(a) in September 2005 (as example), and their performances evaluated by NSE and RMSE with respect to (b)
GRACE and (c) WGHM, respectively.
From Figure 3.30 (a), in September 2005, we find that the more joint modes we use for assim-
ilation, the higher spatial resolution we acquire. Considering GRACE as reference, in Figure
3.30 (b), all the assimilated products fit very well with GRACE (NSE close to 1) in most part
of the Amazon. The notable differences remain on the grid points along the river network in
the basin, according to Figure 3.30 (b). When referring to WGHM, in Figure 3.30 (c), the down-
scaled TWS shows extremely good agreement in the South and along the river flows in the
basin, with NSE above 0.5. Large RMSE in northeastern Amazon represents large discrepancy
between WGHM and assimilates.
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Comparing the NSE with the RMSE from each level of mode selection, the increase of number
of joint modes induces a smaller NSE and a larger RMSE, indicating worse agreement with
GRACE. On the contrary, the increase of number of joint modes results in a larger NSE and a
smaller RMSE, indicating better agreement with WGHM. In other words, the downscaled TWS
approaches WGHM gradually when more number of joint modes are retained for regression,
while the discrepancy becomes progressively larger between GRACE and downscaled TWS if
fewer joint modes are used in the assimilation frame. It can be easily understood that the more
joint modes we extract, the more information of variability in TWS we make use of. However,
more joint modes may also introduce more uncertainty and noise in the regression model.
Therefore, either too many or too few modes are not acceptable. According to the patterns
in Figure 3.30, slight differences among the patterns by different selected number of modes
indicate that the performance of PLR does not significantly rely on the number of joint modes
used for GRACE downscaling. Nevertheless, we still need to find a balance to utilize a proper
number of joint modes in the regression for downscaling. In this work, we eventually adopt 5
joint modes as a general choice.
Regarding the patterns shown in Figure 3.30 (b) and (c), all the three assimilated TWS grids
are much closer to GRACE than to WGHM. From this aspect, it proves the reliability of our
assimilation for downscaling of GRACE.
Mode analysis of downscaled TWS In order to investigate the validity of this downscal-
ing, we refer to the most dominant modes in the downscaled TWS variation in the Amazon
basin. We apply a PCA decomposition on the downscaled TWS as well as TWS from GRACE
and WGHM. Thus, we obtain the temporal PCs and the spatial EOFs of each mode in TWS.
The first five modes from each field are selected to analyze, since they cover already more than
90% of the total variance.
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Figure 3.31: Power spectra of the temporal PC from the first 5 modes in total water storage changes in Amazon
basin, which are obtained from GRACE, WGHM, and downscaled TWS, respectively.
The power spectra of each mode are visualized in Figure 3.31. Mode 1 and mode 2 of all the
three different fields reveal strong responses at a frequency of 1 cycle per year, representing
the annual variations. A perfect agreement is reached among GRACE, WGHM and down-
scaled TWS in the first two modes. This consistency indirectly proves the validity of the down-
scaled TWS. However, downscaled TWS behaves inconsistently with GRACE and WGHM in
the mode 3, 4, 5. The notable power of semi-annual components from downscaled TWS is not
revealed from either GRACE or WGHM. The limited spatio-temporal resolution of GRACE
probably results in the weak spectra of signals of semi-annual and higher frequencies. This
indicates that the strong semi-annual signals are probably contributed by the P, ET, R from
hydrological models. By comparison, downscaled TWS represents evidently power spectra at
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low frequency in mode 3, 4 and 5, in accordance with WGHM. This coherency explains the
agreement of linear trend patterns, which can be considered as the long-term variation, from
WGHM and assimilates in Figure 3.27 (a). From Figure 3.31, the distinct differences in mode
3, 4, 5 explain the different performances from GRACE, WGHM and our assimilated TWS in
Figure 3.27 (c). Moreover, the discrepancy among the time series of GRACE, WGHM and as-
similates in Figure 3.28 now can also be interpreted by the different power responses in those
less important modes (i.e., mode 3, 4 and 5).
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Figure 3.32: The corresponding spatial EOFs corresponding to the temporal PCs (represented in spectral domain
in Figure 3.31) of the total water storage changes in Amazon basin, producing from GRACE, WGHM, and
downscaling, respectively.
Additionally, from the viewpoint of spectra, the large-scale dominant changes like annual sig-
nals can be detected by GRACE, while the signals of minor variation at small-scale in Amazon
cannot be gained from GRACE observations. In other words, downscaled TWS retains the
dominant annual signals from GRACE, meanwhile compensates GRACE for the insufficient
acquisition in linear trend and semi-annual terms. However, it is still unclear whether it is a
general conclusion for any other catchments or just a special case only applied to Amazon.
The spatial associated EOFs of each mode from GRACE, WGHM and downscaled TWS are
visualized in Figure 3.32. Both the EOF 1 and EOF 2 in Figure 3.32 (a) and (b) represent the
dominant annual variations, corresponding to the spectra in Figure 3.31 (a) and (b). The EOF
1 represents the annual change occurring mainly in the center part of the basin, particularly
along the Amazon river. The EOF2 clearly shows an annual variation in the upper part of Ama-
zon. These two EOFs reflect the spatial pattern of the annual variation with different phases
in Amazon. Regarding the power spectra of mode 3 in Figure 3.31 (c), the semi-annual change
is mainly detected along the river main stem in Amazon, which is not sensed by GRACE. Ac-
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cordingly, EOF 4 and 5 illustrate the spatial pattern of the long-term variation within the basin,
which is invisible from GRACE. The weak semi-annual signal and the insensitivity to the long-
term change of GRACE likely result in the difference between GRACE and our downscaled
TWS at certain points in the northeastern part of basin, referring to Figure 3.25 and 3.27.
The spatial patterns in Figure 3.32 let us visually understand the process of our downscaling.
The first and the second mode in GRACE are retained in our assimilation, accomplished by
removing the cyclo-stationary mean of GRACE in training and adding it back after regression.
As a consequence, the annual amplitude from downscaling TWS is nearly the same as GRACE,
as shown in Figure 3.27 (b). From mode 3 to mode 5, the downscaled TWS make use of WGHM
instead of GRACE, and consequently, improve the spatial resolution of GRACE. Therefore,
our downscaling can be regarded as the combination of GRACE and WGHM with different
modes.
3.4 Discussion and summary
This chapter accomplishes the modelling of terrestrial water storage at catchment scale by as-
similating multiple hydrological variables from models, using statistical approaches. The in-
sufficient spatial resolution and limited observing period of GRACE for hydro-geodetic appli-
cations are emphasized as a motivation for applying this modelling. The linear relationships
between water storage and water cycle are as the basis of our modelling, which is characterized
in this chapter as well as the seasonality characteristics.
To fulfill the terrestrial water storage modelling, three different approaches, i.e., least-squares
prediction/collocation, principal component regression, partial least-squares regression, are
implemented based on GRACE observed water storage changes and precipitation, evapotran-
spiration, runoff from hydrological models. All the three approaches are successfully applied
for water storage prediction that the prediction results in most catchments generally meet our
expectation. Comparing the performance of least-squares prediction on anomalies and least-
squares collocation with parameters, it has been proved that predicting directly on the residuals
of total water storage instead of its full signal with model parameters provides more accurate
results and less biases. This improvement owes to the dominant seasonal variability in hy-
drological observations, of which the cyclo-mean fits much better than a parametric harmonic
fit. Based on this strong seasonality in hydrological variables, subtracting the cyclo-stationary
mean from the observations makes the regression procedure simple and efficient.
Considering the relevancy of total water storage change to the other hydrological variables (i.e.
precipitation, evapotranspiration, runoff), partial least-squares regression has a more stable
performance than the other two methods. It has advantage in making use of associated vari-
ations from both predictand and predictor, and reducing the effect of uncorrelated errors and
noise. Another outstanding feature is that it reduces the computational effort by the reduction
of data dimension, which is also benefited from principal component regression.
To acquire a higher quality of prediction, an adaptive moving average model is integrated with
those three different regression models. Considering the existed time-invariant temporal shift
among variables in the water cycle, we predict the water storage by an ensemble of observa-
tions in terms of a moving average process. This moving average process highly improves
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the accuracy of prediction, especially for least-square prediction. Practically, we already obtain
sufficient accuracy from least-squares prediction combined with a moving average regression
in predicting the total water storage.
From the aspects of observation datasets, an assimilation scheme of combining multiple hydro-
logical variables provides us the optimal performance, for which the predictions have much
better agreement with GRACE. Runoff outperforms other variables when predicting water
storage by principal component regression and partial least-squares regression. Using pre-
cipitation to predict the total water storage in a moving average way performs a notable im-
provement.
For evaluation of our water storage predictions, we select several catchments, i.e., Amazon,
Yangtze, Danube, Mackenzie, Lena, for case study. The predictions in those catchments, which
are under different climatic conditions, show up various performances. Using either of the
three approaches with moving average can achieve good prediction in the tropical catchments.
However, the water storage change in boreal catchments is still poorly estimated in terms of
the negative CNSE. Least-squares prediction, principal component regression, and partial least-
squares regression provides the prediction in boreal catchments at the same level of accuracy.
In fact, not only a temporal shift exists between total water storage and other hydrological vari-
ables, but also the solid water mass variation is not involved in the dynamic water cycle. This
liquid/solid water mass variation results in a non-linear relationship between water storage
and the other hydrological variables. Using a moving average process can still hardly model
the solid component of water mass change. The weak cyclo-stationarity in boreal catchments
lead to the low accuracy of the prediction. It is still a challenge for us to model the terrestrial
water storage change in high-latitude regions.
Moreover, to achieve finer spatial resolution of terrestrial water storage, a spatial downscal-
ing of GRACE is consequently accomplished by assimilating precipitation, evapotranspira-
tion, runoff from hydrological models as well as GRACE-observed TWS with TWS grids from
WGHM. As a result, the TWS changes in Amazon basin are finally assimilated into a 1◦ × 1◦
grid with higher resolution than GRACE product.
This assimilation produces acceptable results. The downscaled TWS grids are perfectly close
to GRACE-observed TWS, comparing with catchment aggregates from both from WGHM and
GRACE. The existed differences between GRACE, WGHM and downscaled TWS at specific
pixels indicates the improvement of TWS estimation by our assimilation. Integrating hydro-
logical variables (e.g., precipitation, evapotranspiration, and runoff) with GRACE and WGHM
in the assimilation reproduces the TWS with fine resolution, which is capable to recognize the
water storage changes at sub-catchment and even smaller scales. Although introducing multi-
ple hydrological variables does not decrease the misclosures of water balance, the downscaled
TWS represents more detailed information in certain area, for example, along the river flow
of the basin. In other words, integrating GRACE with WGHM as well as other hydrological
variables takes the advantage of the sensitivity of GRACE at large-scale variations and WGHM
and other hydrological variables at small-scale changes. Moreover, since the Amazon basin is
chosen for a case study, it is still uncertain that our downscaling framework is also applicable
for any other type of catchments. Hence, more experiments and analyses need to be done in
the future to prove the feasibility of our assimilation in GRACE downscaling.
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Most importantly, the performance of the MA-PLR approach demonstrates its capability in
data assimilation. It convinces us that the MA-PLR is an applicable approach for spatial down-
scaling of GRACE. Different from Kalman filter, PLR does not require any dynamic models.
Despite of its good performance on downscaling, the comparisons between PLR and model-
based approach (e.g. ensemble Kalman filter) and empirical approach (e.g. artificial neural
network) are worth to do in order to test the reliability, which is already beyond the scope
of this thesis. Additionally, a proper validation of downscaled water storage against in-situ
measurements still needs to be done in the upcoming research.
The achievement in this chapter for filling the observing vacancy and densifying the spatial
resolution provides us confidence in estimation of terrestrial water storage by hydro-geodetic
observations in a statistical way. On one hand, the accurate estimation makes the water storage
change available though the limitation exists in GRACE products. Both prediction of large-
scale terrestrial water mass change in the future and reconstruction in the past become feasible.
On the other hand, terrestrial water storage with fine resolution provides us more accurate
information for local hydrological and climatic studies. It is particularly useful in those ar-
eas lacking of hydrological monitoring networks. Terrestrial water storage of higher spatial
resolution can be potentially applied in drought and flood analysis at specific sites. In a word,
assimilating spaceborne terrestrial water storage observations with hydrological variables from
models helps us to better understand the water storage-water cycle relationships in a compre-
hensive way.
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Chapter 4
Phase Difference and Causality Analysis
Many phenomena (e.g., global warming, glacier melting, ocean level change) happen not si-
multaneously in nature but in a causality relationship. The terrestrial water cycle is generally
a dynamic process, in which water storage changes in reaction to the input (i.e., precipitation)
and the output (i.e., river runoff, evapotranspiration) with relative leads or delays. It forces us
to characterize the relationships between water storage and water cycle in terms of not only
amplitude but also phase. Phase difference is an important indicator, which helps comprehend
the cause-effect relationship between two signals in terms of leads or lags. The temporal shift is
already considered in Chapter 5 for modelling water storage by the adaptive moving average
approach. The improvement of estimation accuracy has proved the significant effect of phase
difference in a dynamic hydrological system. However, the quantification of the phase shift
between water storage and other hydrological variables (i.e., precipitation, evapotranspiration,
runoff) in a catchment is not done yet.
Moreover, the ocean-land-atmosphere circulation is also dynamic. The terrestrial water mass
variation is involved in such a dynamic circulation. Investigation on the causal relationship
helps us understand the teleconnection between terrestrial water storage and climate change.
To explain the causality of terrestrial water cycle responding to any climate changes, the phase
differences are necessarily taken into consideration.
Hence, in order to further characterize the causal relationships and interpret the dynamic pro-
cesses, we need to quantify the phase differences and the time lags. In this chapter, we in-
troduce the cross-correlation coefficient, the Hilbert transformation, as well as the wavelet co-
herency as analysis tools to estimate the phase and time shifts.
The relative phase and time shifts between terrestrial water storage and water cycle at catch-
ment scale are estimated using the Hilbert transformation approach. Since the climate phe-
nomenon occurs generally with non-unique frequency, their impact on the terrestrial water
cycle cannot be quantified by simple temporal shifting. In this case, we refer to the wavelet
spectrum and coherency to interpret the causality of climate change and terrestrial water mass
variation and circulation.
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4.1 Phase shift detection methods
Correlation coefficients are widely used in time series analysis as a powerful metric, reflecting
the relationship between two time series in phase. However, a correlation coefficient is only
capable to identify whether these two time series are in phase or out of phase. Thus, we firstly
introduce the cross-correlation to analyze the time shift instead of correlation.
Cross-correlation The time shift between two time series can also be detected by cross-
correlation coefficient. The kth-order cross-correlation between two time series x and y is de-
fined as
ρk =
∑n−ki=1 (xi − x¯)(yi+k − y¯)√
∑ni=1(xi − x¯)2 ∑ni=1(yi − y¯)2
. (4.1)
Similar to correlation, x¯, y¯ are the mean of x, y, respectively. k denotes the lag between two
time series x and y. In practice, we use cross-correlation in this chapter to detect the time shift
between x and y, at which the cross-correlation between x and y reaches the peak value. Hence,
in this case, k is obtained as the estimated time shift. Notice that cross-correlation only allows
to recognize the shifting on epoch level, but not on the phase level.
Furthermore, in order to quantify both the phase delay and the temporal shift between two
time series, therefore, we subsequently introduce the Hilbert transformation here. Unlike cor-
relation coefficient only in time domain, the coherency both in time and spectrum domain can
be evaluated by wavelet spectrum. Thus, we introduce the wavelet transformation in the fol-
lowing content.
4.1.1 Hilbert transformation and time lag analysis
Hilbert transformation To measure the influence of climate phenomenon (e.g., ENSO)
on the terrestrial water storage, an analysis of phase difference is involved in our study. For
the purpose of estimating the phase shift between two time series, we introduce the Hilbert
transform.
The Hilbert transform of a signal x(t) is defined in the time domain as a convolution between
the Hilbert transformer 1/(pit) and the signal x(t) (Saff and Snider, 1976) as
H[x(t)] = y(t) = 1
pi
∫ ∞
∞
x(τ)
t− τ dτ , (4.2)
where y(t) = H[x(t)] results in a new time series with all of the original frequency components
shifted in phase by pi/2. We use this phase shifting property to define a complex analytic signal
z(t) (Bracewell, 1986) as
z(t) = x(t) + i · y(t)
= (1+ iH)x(t) . (4.3)
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Clearly this Hilbert transformation makes a signal in time domain transform to another time
domain signal with pi/2 phase shift. Making a regression of target signal with the real part
and imaginary part of transformation, the phase difference can then be estimated. Therefore,
following Phillips et al. (2012), we perform a Hilbert transform on reference time series p(t) in
a least squares regression to estimate the phase difference by
l(t) = a + b · p(t) + c · H[p(t)] , (4.4)
where l(t) is the observation time series, a, b, c are the parameters to be modeled.
Figure 4.1: Illustration of the phase difference and time lag between time series l(t) and Hilbert transformed time
series. The parameters b and c estimated in the Eq. (4.4) are used in amplitude and phase calculation in Eq.
(4.5) and (4.6).
As illustrated in Figure 4.1, the phase lag φ between p(t) and l(t) is obtained by
φ = arctan
( c
b
)
, (4.5)
and the influence of p(t) on signal l(t) is quantified by the amplification factor A
A =
√
b2 + c2 . (4.6)
According to the phase lag φ, we can subsequently quantify the time lag ∆t in units of months
between climate indices p(t) and terrestrial water storage observations l(t) by ∆t = φ · 6/pi.
4.1.2 Wavelet transformation and coherency analysis
The Fourier transform is a powerful tool for analyzing the components of a stationary signal,
where there is no change in the signal properties. However, in nature, often the observation
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signals are non-stationary. Therefore, it demands more accurate information of frequency vari-
ation in time. Unlike the Fourier transform that gives no information on time but only on fre-
quency, the wavelet transform provides a spectrum that is localized in both time and frequency
domain (Farge, 1992).
Figure 4.2: Comparison of (middle) Fourier transformation and (right) wavelet transformation with respect to the
target signal (left) in time resolution at different frequencies.
Different from the Fourier transform, the spectrum from wavelet transformation is acquired
in increased time resolutions at ascending frequencies. The difference between Fourier and
wavelet transform is illustrated in in Figure 4.2. From the figure, we realise that the higher
temporal resolution in spectrum results in lower resolution in frequency. In other words, low
frequencies are better resolved in frequency domain, and signals of high frequency are better
represented in time domain.
Continuous wavelet transform Wavelet transformation contains information similar to
Fourier transformation, but with special properties of the wavelets. The higher the resolution in
time, the lower the resolution in frequency becomes. To evaluate the relationship between cli-
mate indices and total water storage, the time-frequency spectrum provided by wavelet trans-
form is introduced in this study.
A wavelet is a wave-like oscillation with an amplitude that begins at zero, then increases, and
then decreases back to zero. A transformation basis function ψ(t), named as mother wavelet,
satisfies the condition (Farge, 1992; Torrence and Gilbert, 1998):
Cψ = 2pi
∫ ∞
∞
|Ψ(ω)|2
|ω| dω < ∞ , (4.7)
where Ψ(ω) denotes the Fourier transform of the wavelet ψ(t), Cψ is called admissibility con-
stant, and the integral is taken over all frequencies ω. In practice, for the mother wavelet ψ
with sufficient decay, it satisfies the conditions as follows:
Ψ(0) =
∫ ∞
∞
ψ(t)dt = 0 ,
‖ψ(t)‖ =
∫ ∞
∞
|ψ(t)|2dt = 1 .
(4.8)
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These two conditions ensure that the wavelet function therefore oscillates around the time axis
and decays out quickly in both directions of time. Therefore, given a time series x(t), its con-
tinuous wavelet transform (CWT) can be defined with respect to the wavelet ψ(t) (Farge, 1992;
Torrence and Gilbert, 1998) by
Wx(τ, s) =
∫ ∞
∞
x(t)
1√
s
ψ∗
t− τ
s
dt , (4.9)
in which s is a scaling factor that controls the width of the wavelet, stretching (|s| > 1) or
compressing (|s| < 1) the signal, and τ is a translation parameter controlling the position of
the wavelet in time (Grinsted et al., 2004). (∗) stands for the complex conjugate.
Figure 4.3: Illustration of continuous wavelet transform (CWT).
As depicted in Figure 4.3, the scaling factor s defines the size of the mother wavelet. The scales
represent equivalently the frequency resolutions. The window shifting along time is expressed
by the translation factor τ, and subsequently indicates the spectrum at different time period.
Figure 4.3 vividly explains the wavelet transform in time and frequency aspects, which are il-
lustrated in Figure 4.2. As a consequence, we obtain the wavelet ψ(t) at different scales and
locations through scaling and shifting. Therefore, with different s and τ, we eventually obtain
the wavelet spectrum at different time and frequency scales. This time-frequency representa-
tion is sensitive to the non-stationary time series, whose statistics and frequencies change with
time.
In fact, there are various type of mother wavelets. To satisfy the analytical requirement, it is
necessary to choose an appropriate mother wavelet in CWT. Here we use the Morlet wavelet
(shown in Figure 4.4) as mother wavelet in Eq. (4.7), which is defined as
ψ(t) = eiω0te−t
2/2σ2 , (4.10)
where ω0 is the frequency, which is taken to be 6, and σ is a measure of the spread (Farge,
1992; Torrence and Gilbert, 1998). Based on its localization in time and frequency, the choice of
Morlet wavelet makes it a good tool in extracting features (Grinsted et al., 2004). In addition,
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Figure 4.4: Illustration of the Morlet wavelet as mother wavelet ψ(t).
the wavelet power spectrum is then |Wx(τ, s)|2, and the phase of the wavelet can be quantified
(Liu, 1994) by
φx = arctan(
I [Wx(τ, s)]
R[Wx(τ, s)] ) , (4.11)
whereR and I denote the real and imaginary part of Wx(τ, s).
Cross wavelet transform To analyze the mutual information of two time series, the cross-
wavelet transform (XWT) of two time series x(t) and y(t) is introduced and simply defined
(Torrence and Gilbert, 1998; Grinsted et al., 2004) as
Wxy = WxW∗y , (4.12)
where Wx and Wy are the wavelet transform of x and y. The |Wxy| is defined as cross-wavelet
power (XWP), which expresses the local covariance between two time series at each time and
frequency. Thus, the XWP helps us interpret the similarity of power between two time series.
Wavelet transform coherency As a correlation coefficient describes the similarity of two
time series in time, coherency evaluates the correlated information in a view of frequency. Sim-
ilar to the concept of coherency used in Fourier transform, the wavelet transform coherency
(WTC) of two time series x(t) and y(t) can be defined by (Torrence and Gilbert, 1998)
ρxy =
S(Wxy)√
S(|Wx|2)S(|Wy|2)
, (4.13)
where S denotes a smoothing operator in both time and scale, written as
S(Wxy) = Sscale[Stime(Wxy)] . (4.14)
Smoothing, here, is necessary, otherwise the coherency would be identical at all scales and time
epochs. Smoothing along the wavelet axis is given by Sscale, while smoothing along the time
axis is given as Stime (Torrence and Webster, 1999). Smoothing by different filter widths and
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shapes produces either smoother coherency or noisier coherency. Nevertheless, it still gives the
same qualitative results. For the Morlet wavelet, a Gaussian smoothing is used for Stime, and
a boxcar filter of width δj0 = 0.60, which represents the scale-decorrelation length, is done for
scale smoothing Sscale (Torrence and Webster, 1999; Grinsted et al., 2004).
The WTC is a measure of intensity of covariance between two time series. With the wavelet
cross spectrum, we can therefore obtain the phase difference of two wavelets (Liu, 1994) by
φxy = arctan(
I [S(Wxy)]
R[S(Wxy)] ) , (4.15)
whereR and I represent the real and imaginary part of spectrum. Hence, we use the phase of
cross spectrum to identify the relative time lag between the two time series.
Comparing the XWT in Eq. (4.12) and WTC in Eq. (4.13), the WTC can be considered as the
normalized cross-spectrum, with respect to spectrum of each signal. The cross-spectrum indi-
cates how much linear information is transferred from one signal to the other at each frequency.
While, the coherence indicates how much linear information of one signal is explained by the
other one (Grinsted et al., 2004).
Above all, cross-wavelet transform and the spectrum coherency allows to estimate the relation-
ship between two non-stationary time series, which have time-varying periodicity and ampli-
tude. In this thesis, we use a wavelet coherence toolbox which is developed by Grinsted et al.
(2004) for visualization of the wavelet spectrum and its coherency map.
Cone of influence Since the time series has finite length, when the CWT is applied on the
time series, it suffers inevitably from border distortion, as with other type of transformation
(e.g. Fourier transform). This edge effect is explained by the incorrect calculations occurring at
the beginning and end of the wavelet spectrum. One usual method is padding the time series
with sufficient zeros to limit the edge effects before implementing CWT. According to (4.9),
these edge effects increase with the scale of the wavelet ψ(t), which is scaled by the factor s,
as visualized in Figure 4.3. Hence, the region of wavelet spectrum, in which the edge effects
of transformation become important, is defined as the cone of influence (COI) (Torrence and
Gilbert, 1998). The values are subject to the border distortion in this area of the time-frequency
representation (see Figure 4.5). Therefore, the wavelet spectrum with COI has to be interpreted
carefully.
Significance level The statistical significance of the wavelet power spectrum is assessed by
a null hypothesis test. It assumes that a true feature is identified in the spectrum if the value is
significantly above the mean power spectrum of time series, which is treated as the background
spectrum. By the null hypothesis test, the significance of obtained wavelet spectrum is assessed
against this background spectrum at the 5% level, which equivalently points to the 95% confi-
dence level (Torrence and Gilbert, 1998). The significance level of wavelet power spectrum is
estimated using Monte Carlo methods and represented as thick contour lines (Grinsted et al.,
2004).
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Numerical performance of wavelet transform In order to understand the advantage
of wavelet coherency in estimating the relationship between two time series, we perform a
simulation to test the sensitivity of signal variation in time and frequency.
In our case, we simulate a sinusoidal time series with varying frequency in this way:
x(t) =

sin(ω1t) + e, t ∈ t1
sin(ω2t) + e, t ∈ t2
sin(ω3t) + e, t ∈ t3
(4.16)
in which ω1, ω2, ω3 denotes there different frequencies and t1, t2, t3 represents the different
time intervals. e expresses the Gaussian random noise (e ∼ N(0, 1)). In Figure 4.5, the time
series x(t) is plotted in time, with its power spectrum generated by Fourier transform, and
wavelet spectrum from continuous wavelet transformation. The thick black contour in Figure
4.5 (c) indicates the 95% confidence level, and the cone of influence is shown as lighter shade.
(a) Simulated Signal x
(c) Wavelet spectrum of x(b) Power spectrum of x
Figure 4.5: Illustration of (a) simulated time series x , with its (b) power spectrum from Fourier transformation and
(c) wavelet spectrum from wavelet transformation. The thick black contour in (c) indicates the 95% confidence
level, and the cone of influence is shown as lighter shade.
Figure 4.5 visually proves that the wavelet transform can reflect the variation of signal in both
time and frequency. Three dominant sampling sizes 32, 16 and 8 are used to simulate signal x,
and presented in their power and wavelet spectrum. Power reaches a peak at 1/32, 1/16 and
1/8 in Figure 4.5 (b), which are consistent with the pattern in Figure 4.5 (c). By comparison,
the wavelet spectrum expresses not only the frequencies with strong power response, but also
indicates the time period, at which it has strong signals. Therefore, according to those proper-
ties, the wavelet spectrum has advantage in analyzing non-stationary time series with varying
frequencies, especially for applications in climate studies.
The equivalent sampling intervals of Fourier transform make those three peaks locate densely
in low-frequency area. However, the pattern of strong power at three different frequencies are
presented uniformly in wavelet spectrum. Figure 4.5 (c) indicates that the wavelet spectrum
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compresses the information in high frequency and amplifies in low frequency. This pattern is
explained by the higher resolution in low frequency, while lower resolution in high frequency
domain using wavelet transformation (as shown in Figure 4.2). For hydrological and geodetic
observations, they usually contains important information in the low frequency domain, and
meaningless information, e.g. random noise, exists as high-frequency components in the obser-
vations. Therefore, significant variability in hydrological and geodetic signals is emphasized
in the wavelet spectrum. Due to these characteristics, in this thesis, wavelet transformation is
employed as a tool for climatology-hydrology analysis.
The relationship between two time series x, y is investigated using wavelet coherency, illus-
trated in Figure 4.6 (1). We simulate signal y by shifting x with slight phase lag. Strong co-
herency in wavelet spectrum is shown at the same frequency (as in Figure 4.6 (b)). The arrows
in wavelet coherency indicate the phase lag of y to x from 0 to pi/2, and then after 400 epochs
an anti-correlation between x and y.
(a) Signal x and y (b) Wavelet coherency of x and y
(1)
(2)
(3)
Figure 4.6: Illustration of (a) time series x and y and (b) its wavelet coherency. Simulated x and y with different
frequencies and amplitudes in three cases are numerated in (1), (2), (3). The thick black contour indicates the
95% confidence level, and the cone of influence is shown as lighter shade. The arrows pointing to right direction
denotes in phase, and left direction stands for anti-phase. The arrows upwards indicate the phase lag of y to x
by pi/2, and the arrows downwards indicate the phase lead of y to x by pi/2.
From the numerical performance in Figure 4.6 (1), e.g., when t ∈ [200 500], the phase shift
is clearly indicated by the change of arrow direction, which is completely consistent with the
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shifting in time series. This simulation illustrates the sensitivity of wavelet spectrum to phase
variation over time. It is an important property to recognize the relationship between two time
series. Normally, if they are uncorrelated in phase at certain epochs, then a weak correlation
would lead us to the wrong conclusion that they are not correlated. However, the relationship
is not disturbed, and conversely, evidently revealed in the wavelet coherency spectrum.
The performance of wavelet coherency of x and y at varying frequencies is numerically tested
and visualized in Figure 4.6 (2). Both x and y are simulated with time-varying frequencies
at different epochs. From Figure 4.6 (2b), wavelet coherency is sensitive to the variation of
frequency in time.
Further numerical test is made on signals with time-varying frequency and amplitude. As
illustrated in Figure 4.6 (3), the wavelet coherency shows similar performance, comparing with
Figure 4.6 (2). It indicates that the difference of amplitude does not influence the coherency
of two time series. In other words, the amplitude difference and variation cannot be obtained
from wavelet coherency. We benefit from this property when we try to detect the coherency
between two time series in spite of the expansion in amplitude.
4.2 Characterization of water mass-water cycle relationships
As we discussed in 3.2.2, existing temporal shifts between terrestrial water storage change
(TWS) in basins and other hydrological variables, i.e., precipitation (P), evapotranspiration
(ET), runoff (R), result in non-linear relationships, which are shown in Figure 3.4. Theoreti-
cally, the relationship between TWS and P, ET, R is linear, according to the water balance equa-
tion. Therefore, in order to test whether temporal shifts induce the non-linear relationship, we
correct the temporal shift to characterize the linear relationship. In this study, the Hilbert trans-
formation approach is employed to determine the phase difference and the temporal shift.
Considering the temporal shift ∆t, we obtain the adaptive P, ET, R which is synchronous to
TWS (∆M) from GRACE via
Pˆ(t) = κ · P(t− ∆t1) + (1− κ) · P(t− ∆t2) ,
EˆT(t) = κ · ET(t− ∆t1) + (1− κ) · ET(t− ∆t2) ,
Rˆ(t) = κ · R(t− ∆t1) + (1− κ) · R(t− ∆t2) ,
(4.17)
where the temporal shift ∆t ∈ [∆t1 ∆t2] is calculated according to (4.5), in which ∆t1,∆t2 are
integer months. κ is the proportion factor, denoting the fractional part of the interval between
∆t1 and ∆t2, written as
κ =
∆t− ∆t1
∆t2 − ∆t1 . (4.18)
After shifting the time series of P, ET, R by (4.17), the relationship between TWS from GRACE
and the adaptive P, ET, R is supposed to be more linear than before. The relationships are vi-
sualized in Figure 4.7. Comparing with Figure 3.4, P, ET, R become linearly synchronous with
TWS in Amazon and Yangtze. The non-linear behaviours are distinctly repaired by correcting
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the time-invariant temporal shifts. It proves that the existing time-invariant temporal shifts
have great impact on the characterization of the relationship between continental TWS and the
hydrological cycle.
(a) Amazon (b) Yangtze River (c) Mackenzie (d) Lena
Figure 4.7: Illustration of relationships between TWS and shifted P, ET, R, respectively for catchment (a) Amazon
(tropical), (b) Yangtze River (temperate), (c) Mackenzie (boreal), and (d) Lena (boreal).
However, P, ET, R in the boreal catchments (i.e., Mackenzie, Lena) do not show perfect linear
relationships with TWS, although they are already much closer to linear, compared with Fig-
ure 3.4 (c) (d). The main reason might owe to the special climatic condition in the high-latitude
region. The boreal catchments under cold and dry condition have not as strong seasonal vari-
ation as in other catchments under tropical and temperate conditions. As a consequence, the
temporal variation of the terrestrial water storage is not linear with precipitation, evapotranspi-
ration and runoff. The insufficient temporal resolution could also produce errors in calculating
the temporal shifts by the Hilbert transformation approach. Moreover, the data from different
models also result in different phase shifts. Though, the model performance in characterizing
the relationships is not further discussed here.
In Figure 4.8, the time shifts between TWS and P, ET, R at catchment scale are quantified in
26 large basins. P, ET, R represent a temporal shift with TWS, ranging from −3 to 3 months.
P in most of the basins shows a time lead to TWS except for the catchments in the middle of
North America. All the boreal catchments represent a time lead of P to TWS. R in Amazon
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(a) (b) (c)
∆t
Figure 4.8: Maps of the time shifts between TWS and (a) P, (b) ET, (c) R, respectively, in 26 catchments, which
are distributed globally. Positive values indicate a time lead of TWS to P, ET, R, while negative values indicate
a time lag.
has zero time shift, indicating synchronous change with TWS. The synchronous variation is
illustrated as well by the perfect linear relationship shown in both Figure 3.4 (a) and 4.8 (a).
The ET and R in high-latitude region have consistent relationships with TWS. The terrestrial
water mass variation in boreal catchments consists of the solid and fluid water mass change.
Hence, the nearly zero change of ET and R (as shown in Figure 3.5) in winter and large amount
of variation in summer under cold and dry condition helps to explain the consistency in Figure
4.8 (b) and (c).
In short, the relationships between terrestrial TWS and P, ET, R is characterized as linear in the
tropical and temperate catchments, after considering the time-invariant temporal shifts. Non-
linear relationships are revealed in the boreal catchments, in which the time shift is not the only
factor.
4.3 Causality analysis between water mass variation and climate
change
4.3.1 Time lag analysis between water storage and ENSO
ENSO indices In this study, we use the Nino 3.4 index which represents the Pacific re-
gion between 5◦S–5◦N and 170◦W–120◦W), from 2003 to 2014 produced by NOAA’s Climate
Prediction Center (CPC) (ftp.cpc.ncep.noaa.gov/wd52dg/data/indices).
To investigate the influence of ENSO on terrestrial water storage (TWS), the phase difference is
supposed to be estimated. We therefore apply Hilbert transformation to explore the global con-
nection between TWS and ENSO. The global TWS time series is gained using monthly GRACE
product with time period of 2003–2014 and 1◦ × 1◦ spatial resolution.
As introduced in 1.2, ENSO has inter-annual variability. However, the dominant signal part of
GRACE shows strongly annual performance. Accordingly, before extracting ENSO influence
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on the TWS, the linear trend and seasonal components are necessarily eliminated, by using a
least-squares regression at each grid cell as
∆l(t) = l(t)−m1 · t−m2
−m3 · sin(2pit)−m4 · cos(2pit)
−m5 · sin(4pit)−m6 · cos(4pit) ,
(4.19)
where mi are the parameters to estimate, l(t) is TWS observation time series. After detrend-
ing and deseasoning, ∆l(t) is the isolated TWS anomalies. We get the real and imaginary part
of Nino 3.4 index p(t) using Hilbert transformation, as defined in (4.3). We model the TWS
anomalies with Nino 3.4 index by using the least-squares regression in (4.4), giving the coeffi-
cient a, b and c. Referring to (4.5), as a result, the phase lags are then estimated.
Figure 4.9: Time difference between ENSO and TWS are calculated by the linear model based on the Hilbert
transformation. Positive value means that TWS leads to ENSO, while negative value denotes the lead of ENSO
to TWS.
The phase difference ranges from −pi to pi. Time lags between TWS and ENSO are also cal-
culated from the phase shifts by ∆t = ∆φ · 12/2pi, and visualized in Figure 4.9. As defined in
(4.4), positive value means that TWS leads to ENSO, while negative value denotes the lead of
ENSO to TWS.
In Figure 4.9, most regions indicate lags of TWS to ENSO. In particular, at high latitude like
in East Russia, TWS leads 0–2 month to ENSO. On the contrary, in most regions like in North
America, TWS responds to ENSO with about 2-month delay. To some extent, the temporal
shifts of TWS in high-latitude region explain the impact of ENSO events from the Pacific.
Figure 4.10 shows the temporal shift between ENSO and TWS in different basins over the globe.
Similar to the results shown in Figure 4.9, most of basins indicate time lags of TWS to ENSO
about 1–3 month. For those basins located in high-latitude area, TWS reveals 1-month lead to
ENSO in Mackenzie, while 2-month lag to ENSO in Ob. Some other basins like Yenisei, Lena
and Yukon show zero temporal shift with respect to ENSO. The different temporal shifts in
these boreal basins could be explained by the different distances to the tropical Pacific. The
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Figure 4.10: Time difference between ENSO and TWS in catchments, with the same description as expressed in
Figure 4.9.
phase shifts between ENSO and TWS in the boreal basins leads to the conclusion that ENSO
does not homogeneously influence the terrestrial water mass change in pan-Arctic region.
The phase shifts calculated by Hilbert-transformation approach are reliable but not stable.
Many factors could influence the outputs. For instance, to avoid the interference of seasonal sig-
nals, we employ a least-squares fit to subtract the annual and semi-annual variation. Whether
the modeled TWS anomalies is perfectly isolated by ENSO is still uncertain. These artificial
errors might induce phase shifting. In fact, choosing different observation period might pro-
duce different phase shifts as well. These limitations of the Hilbert transformation approach in
detecting phase shifts between two time series urge us to refer to other techniques for valida-
tion. Therefore, the wavelet transformation in this chapter and signal decomposition methods
in next chapter are involved to validate the association between ENSO and TWS.
4.3.2 Coherency analysis between ENSO and water storage in basins
As described above, the wavelet spectrum is capable to recognize the variation of different
frequencies in time series. Since most of the observations driven by climate effects are non-
stationary, the wavelet transformation is an appropriate tool to evaluate the relationship be-
tween those non-stationary time series.
Figure 4.11 shows the time series of Nino 3.4 index from 1996 to 2016 with its wavelet spectrum.
Figure 4.11 illustrates that annual change and inter-annual change with around 2.5 year period
play a dominant role in ENSO.
We calculate the total water storage change (TWS) from GRACE observations. The GRACE
data we used here cover 12 years, covering the period from January 2003 to December 2015.
The TWS time series in five basins (i.e., Ob, Lena, Yenisei, Mackenzie, Yukon) are depicted in
Figure 4.12. The TWS in each catchment shows non-Gaussian distribution.
With respect to ENSO, the total water storage variation clearly shows evident seasonal be-
haviour. If we refer to the correlation coefficients, obviously we gain low correlations between
ENSO and TWS, which indicate a weak relationship. However, there is still a connection that
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Figure 4.11: Nino 3.4 index and its wavelet spectrum.
we could not recognize only based on correlations. Therefore, a wavelet transformation is per-
formed to detect the relationship between ENSO and TWS.
The cross-wavelet and wavelet coherency between ENSO and TWS in the five basins are visual-
ized in Figure 4.13. From cross-wavelet spectra, TWS in every basin shows annual and biennial
connection to ENSO, especially from 2003 to 2009. Accordingly, the coherency maps of Ob and
Lena indicate evident association to ENSO from 2003 to 2011, whereas a weak relationship is
found between ENSO and TWS in Yenisei, Mackenzie and Yukon.
The arrows in the coherency maps designate the phase difference between ENSO and TWS.
Pointing to right direction denotes in-phase, and to the left direction stands for anti-phase. The
arrows upwards indicate the phase lead of ENSO to TWS by pi/2 (3 months), and the arrows
downwards indicate the phase lead of TWS to ENSO by pi/2.
Figure 4.13 reveals that ENSO lags TWS at the biennial band in Mackenzie, while it leads TWS
in Ob, Lena and Yenisei. Weak association between ENSO and TWS in Yukon is indicated by a
low wavelet coherency. ENSO has a lead of about 1–2 months to TWS in Ob from 2009 to 2011,
indicating that ENSO events have impact on the inter-annual change of TWS. TWS in Lena has
a lag of about 1–2 months to ENSO between 2007 and 2009, and roughly 3-month lag from
2009 to 2011. In the Yenisei basin, TWS has 1–2 month lag to ENSO from 2003 to 2007, while
it is anti-correlated with ENSO around 2011. Different time lags in different basins indicate
the dynamic process of ENSO impact on terrestrial water mass change. Particularly, from the
cross-wavelet spectrum and wavelet coherency, it reveals that observing TWS in different time
periods also results in different temporal shifts to ENSO.
In brief, according to the patterns revealed in Figure 4.13, the wavelet coherency is proved to
successfully recognize the association between ENSO and terrestrial water storage variation.
The cause and effect are revealed by the phase difference directions from the wavelet coherency
maps.
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(a) Total water storage change from GRACE (b) Histogram
Figure 4.12: (a) Terrestrial water storage change derived from GRACE in the basin (1) Ob, (2) Lena, (3) Yenisei,
(4) Mackenzie and (5) Yukon, with their (b) histograms.
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Figure 4.13: The relationship between TWS and ENSO in basins is visualized in terms of (a) cross-wavelet spec-
trum and (b) coherency.
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4.4 Discussion and summary
This chapter successfully investigates the phase difference using the Hilbert transformation
approach and the cross-wavelet transformation, and discusses the causal relationship between
each hydrological variable and climate index. It is worth mentioning that the physical mecha-
nism is not discussed in this chapter, which is beyond the scope of our statistical study.
With respect to the dynamic rainfall-runoff response of a catchment, the terrestrial water mass
variation practically reflects non-linearity with other hydrological variables (Sivapalan et al.,
2002; Kirchner, 2009; Teuling et al., 2010). However, the relationship among each variable in the
water cycle is statistically described as linear. In this chapter, the linear relationships between
water storage and precipitation, evapotranspiration and runoff in catchment are characterized
in tropical and temperate basins after considering the existed temporal shifts. On the one hand,
this dynamic process is mathematically interpreted in terms of quantified time leads or lags. On
the other hand, the phase and time shifts estimated by the Hilbert transformation are proved
reliable, by comparison of Figure 3.4 and 4.8. The relationship is still characterized as non-
linear in the boreal catchments (e.g. Mackenzie and Ob), due to the solid and fluid water
mass variation discussed by Riegger and Tourian (2014). As a consequence, it is essential that
the temporal shifts between water storage and water cycle are taken into consideration when
modelling the water storage change by other variables.
From the above, the wavelet spectrum shows the advantage on presenting time-frequency
information of non-stationary time series. For those observations with non-stationary vari-
ability, the wavelet spectrum and coherency explain more details on both frequency and time
than either correlation in time or phase estimated by Hilbert transformation. Comparing with
the Fourier transformation, the significant information at low-frequency domain, e.g. bien-
nial, inter-annual, and decadal variation, are enhanced in the wavelet spectrum and coherency
maps.
The Hilbert transformation and wavelet coherency perform relatively comparable but still have
differences in estimated phase shifts between ENSO and water storage change, comparing Fig-
ure 4.10 with 4.13. Particularly, in boreal catchments, for instance, the Mackenzie and Ob basin,
the quantified phase shifts of these two different methods are not equivalent, although both of
them indicate a time lead of ENSO to TWS in Mackenzie, and a time lag in Ob. The seasonal sig-
nals still likely remain in the TWS anomalies time series when we subtract the periodic terms
from the TWS observations using a least-squares model, which could lead to uncertainty of
phase estimation. In addition, since the ENSO index time series is not statistically stationary,
the length and the localisation of the observing period also matters in the deviation of phase
shifts.
Except for the inaccuracy of algorithm implementation, the climatic condition in the catch-
ments is also a probable factor, explaining the inconsistent performance between the Hilbert
transformation and the cross-wavelet coherency. In practice, since the water storage variation
in the boreal catchments (e.g. Mackenzie, Lena in Figure 3.5) is not evidently stationary, sub-
tracting the seasonal components from observations by a harmonic fit model is not appropriate.
In this case, the wavelet spectrum and coherency produce more reliable patterns, representing
the phase change in different observing window with varying frequencies. In other words,
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the wavelet transformation is superior to the Hilbert transformation in those non-stationary
basins.
Although these drawbacks of the Hilbert transformation approach potentially results in un-
precise phase estimation, a quantitative evaluation of uncertainty analysis is not included in
this chapter. Referring to a data-driven approach, e.g. PCA or ICA, is an option to avoid this
modelling problem. This issue will be discussed in the following chapter.
In conclusion, the linear relationships in most basins are characterized by estimated temporal
shifts between water storage and water cycle, which is essential for our statistical estimation of
water storage by linear regression models. The cause and effect between ENSO and terrestrial
water storage variation is indirectly explained by the quantified phase and time shifts. As
a preliminary analysis, it supports us to investigate the teleconnection between ENSO and
terrestrial water mass change in the following context, and inspires us to further explore the
causality of them in the future work.
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Chapter 5
Teleconnection Between Water Mass Variation
and Climate Variability
Generally, water mass variation is involved in the circulation of ocean, land and atmosphere.
The terrestrial water mass variation is partly relevant to climate change. In this chapter, we
aim to identify the teleconnection patterns between climate change, e.g. ENSO, and terrestrial
water mass change. Since the inter-annual variation of terrestrial water storage is composed
with seasonal, subseasonal, and decadal variation as well as linear trend in the observations,
we aim to extract the ENSO related signals from terrestrial observations from GRACE by using
several decomposition techniques (i.e., PCA, ICA, CCA).
As climate change is commonly reflected by the ocean-atmosphere interaction, most climate
indices (e.g., ENSO) are characterized statistically from sea surface temperature (SST) anoma-
lies. Inter-annual changes in SST are found to relate to the terrestrial water cycle in river basins
(Diaz et al., 1998; Gochis et al., 2007; McCabe and Wolock, 2014). Because of the important role
of SST on climate change and terrestrial water variation, we propose a comprehensive analysis
to include SST in this study.
SST is used as an intermedium to associate climate change with the major variables in the ter-
restrial water cycle, i.e., precipitation, evaporation and runoff are expected to connect to ENSO.
We use GRACE products to calculate terrestrial water storage and water storage fluxes. In ad-
dition, surface temperature on land is involved as well. Land surface temperature (LST) is
a significant variable in climate change and terrestrial water resources. Considering the in-
consistent units of temperature and equivalent water height, CCA is therefore an appropriate
tool applied to recognize the relationship between SST and hydrological variables, and then
identify the teleconnection to ENSO by the identified temporal and spatial patterns.
In addition, to understand and interpret the dynamic processes among ocean, atmosphere and
land, and the impact on the water cycle, phase leads and lags are an important indicator, that is
necessarily taken into consideration. Therefore, we employ approaches, which are introduced
in Chapter 4, to estimate the phase difference and time lag in a comprehensive way.
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5.1 Between ENSO and terrestrial water storage
Although the phase difference between ENSO and TWS is estimated by the Hilbert transfor-
mation approach and revealed by wavelet spectrum and coherency in 4.3, it is still necessary to
extract the connection patterns temporally and spatially from TWS, that associate with ENSO.
Therefore, the decomposition methods (i.e., PCA and ICA) are used in this section.
5.1.1 Decomposition of total water storage by PCA
Global patterns To explore the information from GRACE that is associated with ENSO,
PCA approach is now applied to the global continental gridded TWS time series. As mentioned
in 2.1, the TWS changes are allocated in a 3D matrix, whose dimensions represent longitude,
latitude and time, respectively. We perform PCA on a rearranged 2D matrix which contains the
information of both location and time. The first 10 modes have already 85% of variance of the
data. The percentage of eigenvalues for each mode is visualized in Figure 5.1.
First 10 modes contain 
85% of variance
Figure 5.1: Eigenvalues of global continental water mass change from each mode generated by PCA decomposition.
The temporal and spatial patterns of the first 5 modes are shown in Figure 5.2. The first dom-
inant mode has seasonal variability, which relates to the terrestrial water cycle. EOF 1 reflects
spatially the evident seasonal signals mainly in South America, in the middle of Africa and
South Asia.
From PC2 to PC5, they show variation with longer than 1-year period. However, the mode that
associates with ENSO is not clearly separated by PCA. The first five decomposed components
show weak relationship with ENSO.
Although PCA is powerful to compress significant variation of total water storage into the first
five modes, the associated variation to ENSO cannot be separated and identified yet at global
scale.
Regional study on boreal catchments The influence of ENSO on the high latitude area is
still an unanswered question. Hence, to identify the signature of ENSO on high latitude area,
we particularly apply PCA on this area. As discussed in 4.3, five boreal catchments in this area
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Figure 5.2: (a) The temporal PCs and (b) its corresponding spatial EOFs of the first modes from global continental
TWS.
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Figure 5.3: Catchments (i.e., Ob, Lena, Yenisei, Mackenzie, Yukon) in the pan-Arctic area.
are analyzed in this chapter as a case study. These five catchment are located in the pan-Arctic
region, shown in Figure 5.3.
After decomposition, the temporal and spatial patterns of the first three modes in these five
catchments are visualized in Figure 5.5 and 5.4, respectively.
Seasonal variation in the three catchments plays a dominant role in the water storage change.
As the variance percentage of first 5 modes listed in Table 5.1, the seasonal mode is clearly
notable in each catchment, particularly in the Ob and Yukon basin. The associated spatial
patterns in Figure 5.4 illustrate that strong seasonal variation is allocated throughout the basins.
Mode 2 and 3 represent inter-annual change in each catchment. According to the correlation
with Nino 3.4 in Table 5.1, we do not find any association in temporal PCs. The low correlation
indicates quite weak relationship between ENSO and water storage in catchments.
Table 5.1: Correlation ρ between Nino 3.4 index and PCs from TWS, with percentage of variance σ of PCs.
Basin Ob Lena Yenisei Mackenzie Yukon
ρ σ (%) ρ σ (%) ρ σ (%) ρ σ (%) ρ σ (%)
PC 1 −0.1 80 0.2 68 −0.2 75 0.2 79 0.1 81
PC 2 0.4 6 0.3 8 −0.3 9 −0.1 7 −0.2 7
PC 3 0.1 4 −0.1 8 −0.3 6 −0.1 4 −0.1 5
PC 4 0.1 2 0.2 6 0.1 3 0.1 3 0.1 3
PC 5 −0.1 2 −0.2 3 −0.1 2 0.2 2 −0.3 1
However, it seems that the temporal pattern of PC 2 in the Ob basin (Figure 5.5), the TWS signal
has a relevant change with Nino 3.4 index. Only correlation coefficient (ρ = 0.4) cannot exactly
reflect this relevance if phase shift exists. Considering the property of wavelet spectrum in
detecting the relationship between two signals with time-varying phase, we then refer to the
wavelet coherency.
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Figure 5.4: The first three spatial EOFs by PCA of the TWS in the catchments: (a) Ob, (b) Lena, (c) Yenisei, (d)
Mackenzie, (e) Yukon, respectively.
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Figure 5.5: The first three principal components (PCs) by PCA of the TWS in the catchments: (a) Ob, (b) Lena,
(c) Yenisei, (d) Mackenzie, (e) Yukon, respectively. The black line is from total water storage, compared with
Nino 3.4 index (yellow line).
Figure 5.6 shows a clear coherency between total water storage and ENSO at the biennial band.
The linear relationship is not evident from the time series and the scatter plot, but becomes
clear by its wavelet coherency map. In the coherency map, arrows pointing to right direction
denote in-phase, and left direction stands for anti-phase. Arrows upwards indicate a phase lag
of TWS to ENSO by pi/2, and downward arrows indicate a phase lead of TWS to ENSO by
pi/2. As illustrated in Figure 5.6, TWS leads to ENSO from 2006 to 2008 about pi/6 in phase,
and responds to ENSO from 2010 to 2012 with phase lag of about pi/6. That is to say, TWS
has 1-month lead from 2006 to 2008 and 1-month lag to ENSO from 2010 to 2012. According
to Figure 5.6 (a), these time differences can be also seen from the temporal patterns. A similar
situation occurs for PC 2 from Lena and Yenisei basin. Although low correlation coefficients
indicate a weak connection, they are still associated with ENSO, according to the temporal
patterns in Figure 5.6.
Referring to the wavelet coherency, we can recognize the association of TWS and ENSO
through the modes by PCA. However, PCA is not capable to automatically identify the
associated mode by itself. This limited performance proves that PCA may not be adequate to
search the teleconnection between ENSO and terrestrial water storage.
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(a) Time series of TWS PC2 and Nino 3.4 index (c) Scatter plot
(b) Wavelet coherency between TWS PC2 
and Nino 3.4 index
Figure 5.6: (a) Time series comparison between TWS PC2 of Ob basin and Nino 3.4 index, with (c) its scatter plot.
(b) Wavelet coherency between TWS PC2 and Nino 3.4 index. The black line in (a) denotes total water storage,
and yellow line is Nino 3.4 index. The thick black contour indicates the 95% confidence level against red noise,
and the cone of influence is shown as lighter shade. Arrows pointing to right direction denote in-phase, and
left direction stands for anti-phase. Arrows upwards indicate the phase lag of TWS to ENSO by pi/2, and the
arrows downwards indicate the phase lead of TWS to ENSO by pi/2.
5.1.2 Identification of ENSO signature by ICA
Independent patterns The application of PCA is successfully performed on detecting rela-
tionship between ENSO and terrestrial water storage. Different from PCA, independent com-
ponent analysis (ICA) has the potential to separate signals into statistically independent modes.
The signals can be chosen to separate independently either in temporal information or in spatial
information. This property is expected to be used to explore the patterns of unique variability
in the observations.
ICA can separate observations into independent signals only if the observations are non-
Gaussian. Figure 4.12 shows that all the time series in the five catchments perform have a
non-Gaussian distribution. Forootan and Kusche (2012) prove that ICA is capable to extract
the independent signals from global total water storage observed by GRACE. Considering
that the extracted modes by PCA are not completely isolated by ENSO, instead, we apply ICA
on the observations. We mainly evaluate the performance of ICA on the catchments shown in
Figure 5.3. Datasets from GRACE used in this section are as the same as in 5.1.1. Particularly,
we expect to see the influence of ENSO spatially on different regions. Therefore, in our case,
ICA is then applied to extract the spatial independent modes from the observations.
According to the eigenvalues shown in Figure 5.1, we firstly compress the data by PCA, retain-
ing only the first 5 modes. ICA is then performed on the reconstructed datasets. To evaluate
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the relationship with ENSO, we calculate the correlation of each independent component (IC),
comparing with Nino 3.4 index. The results are listed in Table 5.2. Evaluated by the correlation
coefficients, all of the ICs show weak correlation with Nino 3.4. It is still necessary to look at
the temporal and spatial patterns of each IC. The temporal and spatial patterns of ICs in the
Lena basin, as an example, are shown in Figure 5.7. From the temporal modes, strong seasonal
variation is revealed in IC 1. It looks as if IC 3 and IC 4 in Lena represent relevant variation
with Nino 3.4. Each IC is independent with others in space, which is revealed by the spatial
patterns in Figure 5.7. Accordingly, we cannot easily recognize the ICs which associate with
ENSO only based on those temporal and spatial patterns. The weak correlations of TWS ICs
indicate no clear connection to ENSO.
Table 5.2: Correlation between Nino 3.4 index and ICs from TWS.
Basins Ob Lena Yenisei Mackenzie Yukon
IC 1 −0.1 0.2 −0.2 0.2 0.1
IC 2 −0.4 0.3 −0.3 −0.1 −0.2
IC 3 0.1 −0.1 −0.3 −0.1 −0.1
IC 4 0.1 0.2 0.1 0.1 0.1
IC 5 −0.1 −0.2 −0.1 0.2 −0.3
Coherency analysis Similar to PCA, correlation of each IC does not give us any clues of
association with ENSO. Hence, we resort to wavelet coherency. The coherency maps of IC 3,
IC 4 and IC 5 which contains inter-annual signals are shown in Figure 5.8. IC 3 is coherent
with Nino 3.4 at the annual band with coherency of 0.5. It has no significant coherency at the
biennial band after 2007. This performance reveals that IC 3 is not the mode of variability,
which associates with ENSO. IC 4 has notable coherency both at the annual band from 2003 to
2008, and at the biennial band during the whole time. Similarly, IC 5 also shows coherency both
at the biennial band from 2003 to 2014, and at the annual band from 2011 to 2014. The biennial
variation in IC 4 is nearly synchronous with ENSO, while the IC 5 of TWS shows about pi/3
phase lead to ENSO.
In other words, both IC 4 and IC 5 are identified to associate with ENSO, though with different
phase shift. It is reasonable that two ICs are relevant to ENSO, because we perform the ICA
on the spatial dimension and thus gain the ICs only independent in space. Compared with
spatial patterns in Figure 5.7, ENSO-related IC 4 and IC 5 stands for the inter-annual change at
different locations in Lena.
Different from PCA that only compresses the most significant information in the first several
modes, ICA separates statistically the independent information into ICs, and each IC contains
as important information as the others. Using ICA, we gain either temporal or spatial indepen-
dent patterns. Like IC 4 and IC5 in Figure 5.7, temporal variations with different phase shifts
are reflected in space from spatial independent patterns.
ICA successfully separates independent modes of variability at independent locations in space
from TWS observations. However, like PCA, the associated modes with ENSO are not au-
tomatically identified by ICA through correlation or other metrics. Obviously, although ICA
has an advantage in extracting independent patterns from observations, it is rarely helpful in
detecting certain patterns like ENSO.
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Figure 5.7: The five temporal ICs (left) by ICA of the Lena basin, together with corresponding spatial patterns
(right). The black line in the temporal ICs denotes total water storage, compared with Nino 3.4 index (yellow
line).
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(a) Wavelet coherency between IC 2 and Nino 3.4
    
    
    (d) Wavelet coherency between IC 5 and Nino 3.4
    
(b) Wavelet coherency between IC 3 and Nino 3.4
(c) Wavelet coherency between IC 4 and Nino 3.4
Figure 5.8: The wavelet coherency between Nino 3.4 index and IC3 (a), IC4 (b) and IC5 (c) by ICA, respectively.
Same description as Figure 5.6.
131
5.2 Between ENSO and terrestrial water cycle
Dataset The data sets used in our study are listed in Table 5.3. Global SST anomalies are
used, considering the global impact of ENSO. The hydrological and geodetic variables, such as
terrestrial water storage changes M, total precipitation P, river runoff R, evapotranspiration E,
and land surface temperature anomalies T, are obtained within the boreal region (latitude from
55◦ to 90◦).
Table 5.3: Data sets used in this study.
Variable Data Source Temporal Resolution Spatial Resolution
M GRACE monthly 1◦ × 1◦
P ECMWF-Interim daily 0.5◦ × 0.5◦
R ECMWF-Interim daily 0.5◦ × 0.5◦
E ECMWF-Interim daily 0.5◦ × 0.5◦
T GHCN CAMS monthly 0.5◦ × 0.5◦
SST Kaplan Extended SST monthly 5◦ × 5◦
The observation time series from GRACE is processed as the same dataset used in 5.1. The
GRACE observations we used cover 12 years, from January 2003 to December 2014. The miss-
ing epochs in time series are not interpolated.
The atmospheric reanalysis ERA-Interim from the European Center for Medium-Range
Weather Forecasts (ECMWF) provides daily fields of total precipitation, evaporation and
runoff (Dee et al., 2011). To keep consistency with GRACE observations, we use the data
sets from ECMWF only covering the period 2003–2014. These data sets are produced with
0.5◦ spatial resolution but are averaged here to 1◦ resolution. In boreal catchments, tran-
spiration is negligible under dry and cold condition. Hence, evapotranspiration is equated
with evaporation in this research. To keep consistency with time series from GRACE, the
temporal resolution is averaged from daily to monthly. We then obtain monthly anomalies of
precipitation, evaporation and runoff by removing the long-term mean.
Monthly land surface air temperature anomalies over the period 2003–2014, used in this study,
are produced by the Climate Prediction Center (CPC), National Centers for Environmental
Prediction (NCEP). This data set is station observation based, using a combination of two large
individual data sets of station observations collected from the Global Historical Climatology
Network version 2 (GHCN V2) and the Climate Anomaly Monitoring System (CAMS) (Fan
and van den Dool, 2008). It provides global monthly mean air temperature at 2m level, with
0.5◦ × 0.5◦ spatial resolution. The monthly anomalies of land surface temperature are obtained
by removing the long term mean.
Monthly sea surface temperature (SST) anomalies are obtained from Kaplan Extended SST V2,
which are gridded global SST anomalies from 1856 to present derived from UK Met Office SST
data (Kaplan et al., 1998) (http://www.esrl.noaa.gov/psd/). The SST data are on a 5◦ × 5◦
grid; the period we use is from 2003 to 2014. In order to investigate the global effects of ENSO,
here the SST data are used at the global scale (87.5◦S–87.5◦N and 2.5◦E–357.5◦E).
The linear trends of all the time series in this research are removed by least-squares regression.
Gaps in time series are removed from time series before decomposition analysis to prevent
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interpolation errors. After removing existing gaps from the 12-year time series, we have t =
131 samples in the period 2003 to 2014 from all the fields. Those gaps are added back in the
temporal modes afterwards.
5.2.1 Build up links between terrestrial water cycle and ENSO
Although many studies indicate the correlation between ENSO and hydrological variation, in
fact, it is difficult to model the relationship between ENSO and hydrological variables. Directly
projecting the individual hydrological variables, which typically have seasonal characteristics,
on ENSO is not a proper strategy.
As we know, ENSO indices are derived mathematically from SST anomalies in the central Pa-
cific, have dominantly inter-annual and long-term behaviors. So if we would isolate inter-
annual and long-term variations from hydrological time series, and associate them with the
comparable variation of global SST anomalies, we can consequently link associated temporal
modes to ENSO. Therefore, our study is based on this strategy. To detect the linear relationship
with ENSO, we apply the CCA method to combinations of SST with individual hydrological
data sets, and SST anomalies are here adopted as an intermedium.
Calculate Covariance Matrix of X and Y
Projected associated PCs
Joint Canonical Components
and
Data sets X
Total water storage (TWS or M)
Precipitation (P)
Evapotranspiration (ET) 
Runoff (R)
Land surface temperature (T)
Water mass derivative (dM/dt)
Water flux (P – ET – R)
Canonical Correlation Analysis
T
XY C C CC U V  
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,TX CV X U
Associated PCs from X with 
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,ENSOCV ,ENSOYVand
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T
Y CV Y V
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
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Figure 5.9: Procedure of data processing by CCA
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Figure 5.10: (left) Temporal modes of each PC pair of total water storage anomalies from GRACE in the boreal
region and global sea surface temperature anomalies after CCA decomposition, and (right) the scatter plot
between the paired PCs from total water storage and sea surface temperature.
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As shown in Figure 5.9, gridded time series of total water storage, precipitation, evaporation,
river runoff, surface temperature as well as water storage flux are treated as variable X, while
SST is used as variable Y. Both X and Y have the same temporal sampling but different spatial
resolutions. For each variable X we calculate its covariance with Y in order to obtain a time-
independent covariance matrix, and then we apply CCA on these covariance matrices. As a
result, U¯C, V¯C here are normalized spatial EOFs, representing spatial patterns for each variable.
VX, VY are then associated temporal PCs, containing temporal modes of each variable.
We match each temporal mode from SST with ENSO (Nino 3.4) time series. The target modes
VY are identified by calculation of correlation coefficients
ρ =
Cov(VY, ENSO)
σVYσENSO
, (5.1)
where VY is the matrix of temporal modes from SST, σVY , σENSO are the standard deviations of
VY and ENSO index, Cov(VY, ENSO) is the covariance of VY and ENSO, and ρ denotes corre-
lation coefficients. The modes with high correlation (|ρ| > 0.6) are retained. After we obtain
the identified PCs VY from SST, the associated PCs VX from other variables are consequently
selected. Based on those selected modes VX, VY, spatial EOFs U¯C, V¯C are then obtained by
projection of VX, VY on each field X, Y. Those EOFs represent the spatial response of each
hydrological variable to ENSO.
Since here SST is treated as an intermedium between ENSO and hydrological variables, the
spatial resolution of SST does not affect the resolution of U¯C, which refers to different hydro-
logical variables. Hence, for reducing the computation, we use the SST data with only 5◦ spatial
resolution instead of more dense data sets. Neglecting the long-term evolution with periods
larger than 10 years, we remove the linear trend from each data set.
As described in the flowchart (Figure 5.9), first the canonical modes from SST are compared
with the ENSO index, and these modes with correlation coefficients larger than 0.6 (R > 0.6)
are selected. In this study, for each data set, we choose the first 10 canonical modes. It should
be sufficient because the first 10 joint modes already contain more than 90% signal variance.
For example, in Figure 5.10, the first six joint modes of GRACE-derived TWS and SST are
shown. The scatter plots of each pair represent the level of linearity between the two fields.
Temporal PC 2, PC 3, and PC 5 represent strong seasonal variation of terrestrial water storage
and SST, while PC 4 represents inter-annual change. Because of a similar inter-annual evolution
in the ENSO index, only PC 4 is identified as a mode associated with ENSO, although PC 2, PC
3, and PC 5 have significantly high correlation between TWS and SST.
We calculate the cross-covariance matrix between SST and each variable. Applying CCA on
each covariance matrix, we gain canonical PCs for each variable and SST. In Table 5.4, the
correlation coefficients are shown between each of these temporal modes and the Nino 3.4
index. Each row contains the correlation coefficients between each PC and Nino 3.4 index,
referring to the particular variable. Specifically, any PCi with the same index but from different
variables are different temporal modes. For instance, in Table 5.4, PC 5 from R-SST is different
from PC 5 from E-SST after CCA decomposition.
SST as an intermedium is well illustrated in Figure 5.11. The PCs for each variable shown in
this figure are selected based on the performance listed in Table 5.4. For each field, the joint
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Correlation = 0.67
Correlation = -0.81
Correlation = 0.63
Correlation = 0.73
Correlation = -0.71
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Correlation = -0.63
PC 4
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Figure 5.11: Temporal modes of sea surface temperature anomalies (blue line) compared with each variable (black
line), i.e., total water storage, precipitation, evaporation, runoff, surface temperatures, water mass derivative,
water fluxes, respectively, associated with Nino 3.4 index (yellow line). Nino 3.4 index are scaled by the mag-
nitude of each variable.
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Table 5.4: Correlation between Nino 3.4 index and 10 temporal modes of SSTs, corresponding to water mass
variation, precipitation, runoff, evaporation, land surface temperature, and water fluxes derived from GRACE
observations and water balance equation, respectively. The mode of largest correlation coefficient with Nino 3.4
are emphasized in the table.
Datasets PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 PC10
M −0.65 −0.37 −0.39 0.67 0.10 0.27 0.36 −0.42 −0.12 −0.16
P −0.31 −0.29 −0.81 0.29 0.38 0.29 −0.15 −0.47 −0.16 −0.10
R −0.34 0.10 −0.51 0.59 0.63 0.41 0.60 0.06 0.25 −0.37
E 0.33 0.29 −0.22 0.15 0.73 −0.54 0.36 0.07 −0.42 −0.33
T −0.29 0.62 0.41 −0.55 −0.l1 −0.71 0.20 −0.47 −0.16 −0.30
dM/dt 0.40 0.43 0.24 0.36 0.62 0.67 −0.04 −0.34 0.64 −0.47
P− E− R −0.32 0.28 −0.13 0.55 −0.63 0.43 0.49 0.49 −0.38 0.27
(a) Joint PC 1 from TWS and SST (b) Joint PC 4 from TWS and SST 
(d) WTC between SST PC 4 and ENSO
(f) WTC between TWS PC 4 and ENSO
(c) WTC between SST PC 1 and ENSO
(e) WTC between TWS PC 4 and ENSO
Figure 5.12: Temporal joint mode of (a) PC1 and (b) PC4 from TWS and SST are listed in the first row. The
wavelet coherency of between ENSO and joint (c) PC1, (d) PC4 from SST are listed in the second row. The
wavelet coherency of between ENSO and joint (e) PC1, (f) PC4 from TWS are listed in the third row.
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modes in Figure 5.11 are directly calculated by CCA. Based only on these patterns, we do not
know which one is associated with ENSO. In the next step, we compare the temporal modes
of SST with scaled Nino 3.4 (as shown in Figure 5.11). According to the correlation coefficients
between SST and Nino 3.4, the joint modes from SST, whose correlation coefficient larger than
0.6, are therefore identified. the ENSO-related mode is identified by . As a result, we gain the
ENSO-related modes of terrestrial variables with the aid of the identified joint modes from SST.
In this case, SST builds up a bridge between observations on land and climate variability from
the ocean-atmospheric circulation. Thus, those identified PCs indicate the temporal variation
on land associated with ENSO signals.
Actually, the PC identification is not unique. In Table 5.4, both PC1 and PC4 from TWS-SST are
correlated to the ENSO effect. Statistically, all of the modes with high correlation reflect a link to
ENSO. For M, R, T, and dM/dt, there are more than one mode with a correlation above 0.6. The
non-unique identification indicates that CCA decomposition can not distinguish the different
phases. Two different modes from the same variable may both represent a similar evolution.
In this study, we generally selected the mode with highest correlation for further analysis. As
shown in Table 5.4, we consequently identify the temporal modes related to ENSO from TWS
(M), precipitation (P), runoff (R), evaporation (E), land surface temperature (T), water mass
derivative (dM/dt) and water storage fluxes (P− E− R). All the PCs with negative correlation
to ENSO are transferred to positive phase so as to support the visual comparison with others.
Regarding the non-unique solutions, we necessarily refer to the wavelet transformation. From
the spectrum coherency (in Figure 5.12) of joint modes of PC 1 and PC 4 from TWS and SST,
we find that both the temporal PCs from SST have strong coherency with ENSO. However, the
performances of these two PCs from TWS are different. PC 1 has a low response at biennial
bands in the spectrum, while PC 4 shows relatively strong coherency at 2-year and 2.5-year
bands. Comparing the spectra in Figure 5.12(a) and (b), we certainly regard the joint PC 4 from
TWS and SST as associated signal with ENSO.
5.2.2 Signature of ENSO on pan-Arctic water cycle
In brief, our purpose is finally to understand how the terrestrial water mass variation is in-
volved in the circulation between ocean, land and atmosphere. Therefore, considering SST an
intermedium between climate change over the ocean and terrestrial water cycle on land, sig-
nature of ENSO on pan-Arctic water cycle is investigated by applying a CCA approach. Not
only water storage, several variables (i.e., precipitation, evaporation, river runoff, land surface
temperature) involved in the circulation are analyzed.
With temporal PCs of canonical modes from CCA, we obtain the associated EOFs for each
field by projection of each field onto PCs, as plotted in Figure 5.14 . Those corresponding
EOFs represent the spatial patterns associated with ENSO effects. All the PCs with negative
correlation to ENSO are transferred to positive phase to support the visual comparison with
others. Associated spatial patterns are transferred conversely as well.
Signature of total water storage Firstly, as an example, Figure 5.13(b) shows the temporal
pattern of PC 4 for TWS and SST, while Figure 5.13 (a) and (c) illustrate the associated spatial
patterns of TWS and SST. In Figure 5.13, it shows a notable connection on 120◦E, and negative
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(b) Temporal mode from TWS and SST
(c) Associated spatial pattern of SST with TWS 
(a) ENSO related spatial pattern 
from TWS 
Figure 5.13: (left) (b) Temporal joint mode from total water storage and SST, with (a) the ENSO related spatial
patterns from TWS and (c) SST.
response on 90◦E and 150◦E. Comparison with the map in Figure 5.3 reveals that TWS evidently
relates to ENSO in the Lena and Yenisei basins. It illustrates an alternating patterns of terrestrial
water mass in east-west direction in Siberia, which refers to ENSO. The spatial pattern in central
Pacific identifies that the associated PC from TWS relates to Nino 3.4.
As we gain the spatio-temporal patterns of TWS associated with ENSO, the notable signature of
ENSO is illustrated on pan-Arctic region. In other words, TWS in pan-Arctic and ENSO in the
Pacific are statistically associated through the teleconnection patterns in Figure 5.13. The results
have revealed notable teleconnection patterns of ENSO on boreal catchments. The patterns of
TWS in Figure 5.13 only reveals the connection between terrestrial water storage and ENSO in
Siberia.
In order to analyze the association between ENSO and boreal water cycle and realize how the
TWS is involved in boreal water cycle, we also need to evaluate the spatio-temporal perfor-
mance of precipitation, runoff, evaporation and surface temperature. Their spatial and tempo-
ral patterns are collected later in the Figure 5.14.
Signature on precipitation PC 3 of precipitation and SST is identified to associate with
Nino 3.4 index (Figure 5.11). ENSO related spatial patterns of precipitation and SST are shown
in Figure 5.14 (a) and (b). Those reveal the teleconnection between ENSO and rainfall in boreal
region. As illustrated in the spatial patterns, the anomalies of SST in east Pacific result in
temporal evolution of precipitation in Siberia and North America. The spatial response of
precipitation to ENSO is positive in Ob and Lena, and negative in Yenisei. It indicates that
rainfall increases in Lena and Ob, while it reduces in Yenisei, referring to ENSO. Similarly,
ENSO relates to a reduction of rainfall in Yukon and Mackenzie basin.
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Signature on runoff The ENSO related spatial patterns of runoff and SST are depicted in
Figure 5.14. We find that runoff in the boreal region is statistically correlated to inter-annual
evolution of SST in central Pacific and southeast Asia, and North Atlantic as well. In contrast to
Figure 5.14 (a), ENSO has a strong positive association with runoff in the Yukon basin. Between
Ob and Yenisei, there is a negative correlation to ENSO. Different from evaporation, the spatial
pattern of river runoff in the Lena basin reveals a strong positive correlation with ENSO.
Signature on evaporation ENSO related spatial patterns of evaporation and SST are
shown in Figure 5.14 (a) and (b), together with their identified temporal modes in Figure 5.11.
For evaporation, Figure 5.14 (b) illustrates an evident association in western and eastern Siberia
and in Alaska. ENSO related inter-annual change of evaporation is identified in the boreal
region by the associated temporal mode in Figure 5.11. In terms of boreal basins, it reveals a
positive relation to ENSO in Yenisei but negative relation in Yukon. On the contrary, a minor
impact is found on Ob, Yenisei and Mackenzie basin. In fact, evaporation links indirectly to
ENSO. The abnormal climate condition induces anomalous land surface temperature, which
gives then rise to the evaporation. The signature of ENSO on evaporation has to be confirmed
by temperature patterns. Therefore, the surface temperature change on land is investigated in
order to better understand and interpret the effect of ENSO on evaporation.
Signature on land surface temperature In boreal regions, land surface temperature
anomalies play an important role in the terrestrial water cycle. We apply the same procedure
on LST and match them with SST. There is an evident spatial oscillation of LST from Scandi-
navia to Eastern Russia and in North America. The ENSO related spatial pattern of LST shows
a strong positive signal in Mackenzie and Yukon. Also, a negative signal in southern part of
Lena and Yenisei and northern part of Ob is obvious, while positive in northern part of Lena
and Yenisei.
Generally, evaporation maintains a negative relationship with land surface temperature (Sun
et al., 2016). A reduction of evaporation causes a rise of temperature. From the spatial patterns
in Figure 5.14, evaporation and temperature inversely relate to ENSO. However, compared
with Figure 5.14 (b), SST inter-annual changes in central Pacific, Indian ocean and in Scandi-
navia are consistent with the SST pattern associated with precipitation. The precipitation and
temperature represent similar spatial patterns in the pan-Arctic region. Hence, we infer that
on one hand, the inter-annual changes of rainfall in boreal region follows the ENSO events; on
the other hand, the temperature anomalies likely reflect the impact of ENSO on precipitation.
The reduction of rainfall in Mackenzie and Yukon basin possibly causes a temperature rise.
Additionally, the precipitation, unusually increasing in Lena and decreasing in Yenisei, leads
to significant temperature anomalies. Referring to land surface temperature in Figure 5.14 (a),
it indicates that ENSO likely causes abnormal reduction of rainfall in Yenisei, and induce the
decrease of water storage fluxes, as well as land surface temperature.
Signature on water storage fluxes Despite the inconsistency in most areas, evaporation
probably still relates to the temperature change in some areas. For instance, they both have
strongly negative response in East Siberia. Considering that most of the boreal region is covered
by snow and ice, the temperature anomaly increase might directly induce ice melting, but not
water evaporation. In Alaska, both temperature and runoff show a positive pattern in the
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(b) Associated spatial pattern of SST with each variable (a) ENSO related spatial pattern from each variable
EOF 4 from TWS and SST, 
5% of Variance 
EOF 3 from P and SST, 
5% of Variance 
EOF 5 from R and SST, 
4% of Variance 
EOF 5 from E and SST,  
2% of Variance 
EOF 7 from T and SST, 
3% of Variance 
Figure 5.14: (a) Spatial pattern of each variable in boreal region, related to ENSO effects; (b) Spatial pattern of
global SST, associated with each variable. The EOFs are selected by correlation coefficients shown in Table 5.4.
141
Yukon basin, confirming the cause and effect. The water storage flux is additionally analyzed
in 5.2.3 to dig out the connection of precipitation, evaporation and runoff to ENSO.
By comparing the spatial patterns between different variables, we find that TWS behaves dif-
ferently than others. It is still a question how water mass change relates to ENSO. Theoretically,
as the water balance described in Eq. (1.1), not water storage itself but water mass derivative
directly relates to the water balance. As shown in 5.2.2, the signature of ENSO on water storage
does not visually agree with precipitation, evaporation and runoff. Therefore, we now apply
CCA also on water storage fluxes to investigate the signature of ENSO on terrestrial water
storage fluxes.
(a) P – E – R (EOF5, 4%) (b) dM/dt (EOF 5, 4%) 
(c) dM/dt (EOF 6, 3%) (d) dM/dt (EOF 9, 2%) 
Figure 5.15: (a) ENSO related spatial patterns of water storage fluxes EOF5 from (a) water balance equation;
And ENSO related spatial patterns of water mass derivative from GRACE observations, represented in three
different EOFs, i.e., (b) EOF 5, (c) EOF 6 and (d) EOF 9, respectively.
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The water mass derivative (dM/dt) is derived from GRACE observations, and the water stor-
age flux (P − E − R) is calculated by the difference of precipitation, evaporation and runoff.
Figure 5.15 and 5.16 show the ENSO related spatial patterns from water storage fluxes. PC
5 listed in Table 5.4 shows the largest correlation with Nino 3.4. Thus, the associated spatial
pattern of PC 5 is depicted in Figure 5.15 (a). It indicates a surplus of water storage in the Ob
basin, while a deficit of water storage occurs in Yenisei. Corresponding to ENSO, Lena has a
water budget surplus in most area. On the contrary, in Yukon and Mackenzie water storage
fluxes negatively relate to ENSO.
(a) P – E – R(EOF 5) (b) dM/dt (EOF 5)
(c) dM/dt (EOF 6) (d) dM/dt (EOF 9) 
Figure 5.16: ENSO related spatial patterns of SST, associated with (a) water storage fluxes from water balance
equation, and with water mass derivative from GRACE observations, represented in three different EOFs, i.e.,
(b) EOF 5, (c) EOF 6 and (d) EOF 9, respectively.
The differences in spatial patterns of precipitation, evaporation, runoff and temperature are
now well interpreted using the results from water storage fluxes. For example, in Yenisei basin,
ENSO has no impact on river runoff but caused a reduced precipitation and increased evap-
oration. Particularly, surface temperature decreases due to ENSO. We infer that the decrease
of surface temperature over Yenisei after ENSO eventually leads to a deficit of water storage
fluxes. As a result, the increase of evaporation does not contradict the decrease of temperature.
In contrast, spatial spatterns in Figure 5.14 (a), do not allow the interpretation that the water
storage fluxes decrease.
Water storage fluxes are produced from GRACE as the time derivative of water mass change.
Different from the results of water balance equation, three PCs show good correlation with
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Nino 3.4 (PC 5: ρ =0.62, PC 6 ρ =0.67, PC 9: ρ =0.64.). The temporal component of modes 5, 6,
9 are thus selected in this study. Associated spatial EOFs are represented in Figure 5.15 (b), (c)
and (d), respectively.
EOF 5 from GRACE water mass derivative does not show a clear connection to ENSO in the
Ob, Yenisei and Lena basins. Figure 5.15 (b) illustrates that ENSO has a positive response in
the Mackenzie river basin. EOF 6 of GRACE has a negative correlation in most parts of Ob,
Yenisei and Lena, but no notable correlation in Mackenzie and Yukon. EOF 9 shows an alter-
nating pattern over Siberia. Particularly, water storage fluxes in Lena and Ob have a positive
correlation, while in part of Yenisei it has negative correlation with Nino 3.4. Compared with
Figure 5.15 (a), we find that EOF 9 shows similar patterns in Ob, Lena and Yenisei. Although
the difference still existed in some areas, like in Alaska, the consistent patterns in most areas
demonstrate the connection between ENSO and the boreal water cycle. Even though EOF 6 has
the largest correlation with Nino 3.4, both EOF 5 and EOF 9 still contain important information
and are not negligible.
Water storage flux is notably sensitive to ENSO, unlike water storage. In Figure 5.14, water
storage only reveals ENSO impact on the entire area of Lena and Yenisei. In Figure 5.15, the
spatial response to ENSO is distinguished in different basins by water storage fluxes. Water
storage flux reflects clearly the connection between ENSO and boreal hydrological cycle from
associated spatial pattern.
Spatial patterns of SST related to Nino 3.4 are depicted as well in Figure 5.16. Compared with
Fig 5.15, the difference of EOF 5, EOF 6 and EOF 9 are interpreted by the different spatial re-
sponse in SST. It reflects different patterns on the central Pacific. The strong positive responses
in SST move from central Pacific to the east and north, as shown in Figure 5.15 (b), (c), (d). We
properly understand these three PCs as the dynamic response of ENSO.
Phase delay responding to ENSO To investigate the influence of ENSO on pan-Arctic
region, phase difference is an important indicator. It reflects the consequence of ENSO events
and the dynamic process in the terrestrial water cycle. Therefore, we used three different ap-
proaches here to estimate the phase and time difference between ENSO and each variables, as
listed in Table 5.5.
Generally, we assume that ENSO leads to inter-annual variations in the terrestrial water cycle.
Hence, the phase lags between hydrological observations and ENSO reflect important infor-
mation. In this part, we estimate the phase lags between Nino 3.4 index and the identified
temporal modes from each variable.
Using Hilbert transformation approach as described in 4.3, we obtain the phase difference ∆φ
and time shift ∆t1 between Nino 3.4 and each variable, and the results are given in Table 5.5. As
a result, precipitation, runoff and evaporation have time lag to ENSO while total water storage
shows a time lead to ENSO. Land surface temperature changes rapidly as ENSO nearly without
any lags.
Also, we get the integer time lags ∆t2 from cross-correlation. Results in Table 5.5 reveal that
precipitation, evaporation, runoff and temperature statistically respond to ENSO simultane-
ously with 1-month time lag, whereas there is no time delay between ENSO and total water
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Table 5.5: Phase difference ∆φ and time lag ∆t1 and ∆t2 between Nino 3.4 index and PCs from each variable. Posi-
tive values indicate the lead of ENSO, while negative values indicate the lag of ENSO to terrestrial observations.
∆φ and ∆t1 are estimated from Hilbert transformation equation, and ∆t2 is calculated by cross-correlation.
Mode ∆φ ∆t1 [month] ∆t2 [month]
M PC4 −0.12 −1.4 0
P PC3 0.12 1.4 1
R PC5 0.17 2.0 1
E PC6 0.18 2.2 1
T PC6 0.05 0.6 1
storage. Precipitation, runoff and evaporation represent the same time delay due to the limit of
the temporal resolution.
(e) Wavelet coherency between PC6 
of temperature and Nino 3.4 
(d) Wavelet coherency between PC6 
of evaporation and Nino 3.4 
(c) Wavelet coherency between PC5 
of runoff and Nino 3.4 
(a) Wavelet coherency between PC4 
of TWS and Nino 3.4 
(b) Wavelet coherency between PC4 
of precipitation and Nino 3.4 
Figure 5.17: Wavelet coherency between Nino 3.4 index and (a) PC4 from total water storage, (b) PC3 from
precipitation, (c) PC5 from runoff, (d) PC6 from evaporation and (e) PC6 from temperature, respectively. Same
description as Figure 5.6.
Referring to wavelet coherency between ENSO and each associated mode, we gain the direction
of phase differences. As shown in Figure 5.17, precipitation, runoff and evaporation show time
lags to ENSO. Temperature also slightly time delay to ENSO, although the coherency is not so
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significant. In Figure 5.17(a), water storage and ENSO are in phase for most of time, which
indicates no lags between each other.
Comparing the results in Table 5.5 and in Figure 5.17 indicates that ENSO induces an inter-
annual change in the water cycle. However, it is still difficult to explain the lead of inter-annual
water storage to ENSO. Water storage change might not be sensitive to ENSO. To evaluate the
influence of ENSO on terrestrial water cycle, we do further analysis on water storage fluxes.
In fact, the influence of ENSO on the water cycle is a dynamic process. Rising temperature
causes increasing evaporation and ice melt, while increasing evaporation also leads to decrease
of surface temperature. Wet and warm conditions likely reflect a increase of rainfall, while cold
and dry conditions relate to a decrease of rainfall.
Table 5.6: Phase difference ∆φ and time lag ∆t1 and ∆t2 between Nino 3.4 index and PCs from water storage
fluxes by dM/dt and water balance P − E − R. Positive values indicate the lead of ENSO, while negative
values indicate the lag of ENSO to water storage fluxes. ∆φ and ∆t1 are estimated from Hilbert transformation
equation, and ∆t2 is calculated by cross-correlation.
Mode ∆φ ∆t1 [month] ∆t2 [month]
P− E− R PC5 0.20 2.4 2
dM/dt PC5 0.13 1.5 2
dM/dt PC6 0.12 1.4 1
dM/dt PC9 −0.01 −0.1 0
Similar as above, we calculate the time lags between Nino 3.4 and identified modes of water
storage fluxes from P − E − R and dM/dt. In Table 5.6, except for PC 9 from water mass
derivative, all the other associated modes show phase and time lags to ENSO. ∆t1 and ∆t2
have relatively consistent results. Water storage fluxes show consistent time lags to ENSO,
comparing with precipitation, runoff and evaporation. Hence, we can infer that water storage
fluxes is more sensitive to ENSO rather than water storage. This difference in Table 5.6 between
P− E− R and dM/dt is explained by the different sensitivities of spaceborne observations and
model reanalysis data.
Referring to wavelet coherency in Figure 5.18, both P− E− R and dM/dt perform relatively
consistent. Water storage fluxes respond to ENSO with positive lag in phase. The water storage
flux from water balance equation has more evident coherency with ENSO than those from
mass derivative at both annual and biennial bands. It certifies the influence of ENSO on the
terrestrial water cycle. In other words, it indicates that 1–2 month delay to ENSO evidently
exists in pan-Arctic water cycle.
Additionally, the notable coherency in Figure 5.18 proves that each identified mode from
dM/dt is associated with ENSO. Since PC 5, PC 6, PC 9 from water mass derivative are already
proved to associated with ENSO, the different time lags explain a dynamic connection between
ENSO and the boreal water cycle.
The teleconnection between ENSO and global TWS observed by GRACE is revealed in many
studies. Phillips et al. (2012) found significant correlation between ENSO and TWS over the
period 2003–2010 in many areas, especially Alaska and Siberia, using Hilbert transformation.
They provided the connection patterns by correlation maps. However, they did not present
temporal patterns to illustrate how TWS changed in relation with ENSO. Their time lags range
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from 0 to 3 months. These time lags explain that inter-annual TWS changes as a consequence
of ENSO events. Their patterns show strong connections in Siberia and Alaska, like our results.
At high latitude, they did not provide time lags in details.
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(a) WTC between joint PCs from water 
storage fluxes and ENSO
(b) WTC between joint PCs from 
SST and ENSO
Figure 5.18: ENSO related spatial patterns of SST, associated with (a) water storage fluxes from water balance
equation, and with water mass derivative from GRACE observations, represented in three different EOFs, i.e.,
(b) EOF 5, (c) EOF 6 and (d) EOF 9, respectively.
5.2.3 Signature of ENSO on individual boreal catchments
In order to recognize the signature of ENSO on specific catchments in pan-Arctic, a compre-
hensive analysis on catchments is required to interpret the influence of ENSO.
In this section, we select the three large Siberian catchments Ob, Yenisei and Lena as examples
in the boreal region. Thus, we analyze more details by applying CCA again on the individual
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catchments. The associated temporal modes of the three catchments are selected according to
the correlation between SST modes and Nino 3.4 index, as represented in Figure 5.22. After
identification of those modes from SST, associated temporal modes of each variable are con-
sequently obtained. The identified temporal modes are not the same as the patterns shown
in Figure 5.11. Instead, they represent temporal inter-annual changes in specific catchments,
responding to ENSO events.
(a) Precipitation (b) Evaporation (c) Runoff
(d) Temperature (f) P – E – R (e) dM/dt  
Figure 5.19: ENSO related spatial patterns in the Ob basin of (a) precipitation, (b) evaporation, (c) river runoff,
(d) surface temperature, (e) water storage fluxes derived from GRACE observations and (f) from water balance
equation.
Figure 5.19, 5.21, 5.20 illustrate ENSO related spatial patterns for Ob, Yenisei and Lena basin.
Due to the incomparable performance of TWS, here in this section, we only analyze the tele-
connection between ENSO and precipitation, evaporation, river runoff, surface temperature,
and water storage fluxes.
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Ob basin A rise of rainfall relates to ENSO in the Ob basin of Figure 5.19 (a). The increase of
evaporation over Ob (Figure 5.19 (b)) is explained by temperature anomaly increment (Figure
5.19 (d)). As shown in Figure 5.19 (c), the northwestern part of Ob has larger runoff than
under normal conditions. The patterns indicate that ENSO leads to more active behavior of
precipitation, evaporation and runoff in Ob. The resulting water storage flux from the water
balance equation becomes positive in the south and negative in the north of Ob (Figure 5.19
(f)). It can be seen that evaporation and runoff in Ob increase more strongly than precipitation,
following an ENSO event. Comparing with the water mass derivative from GRACE, we find
similar patterns in Figure 5.19 (e). A difference between Figure 5.19 (e) and (f) still exists,
though, and is probably caused by model errors and inconsistent spatial resolutions.
(a) Precipitation (b) Evaporation (c) Runoff
(d) Temperature (e) dM/dt (f) P – E – R 
Figure 5.20: ENSO related spatial patterns in the Lena basin from (a) precipitation, (b) evaporation, (c) river
runoff, (d) surface temperature, (e) water storage fluxes from water balance equation and (f) derived from
GRACE observations.
Lena basin In Figure 5.20, we find that precipitation in the Lena basin reduces due to ENSO
events. In contrast, neither evaporation nor runoff shows a clear positive or negative response
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to ENSO in Figure 5.20 (b) and (c). Regardless of evaporation and runoff, the precipitation
reduction probably induces the negative water storage fluxes in Lena.
(a) Precipitation (b) Evaporation (c) Runoff
(d) Temperature (f) P – E – R (e) dM/dt  
Figure 5.21: ENSO related spatial patterns in the Yenisei basin from (a) precipitation, (b) evaporation, (c) river
runoff, (d) surface temperature, (e) water storage fluxes from water balance equation and (f) derived from
GRACE observations.
As shown in Figure 5.20 (e) and (f), both of them represent strong negative patterns in the mid-
dle and southeast of Lena. Temperature anomalies relate positively to ENSO in the west part
and negatively in the east (Figure 5.20 (d)). In comparison with Figure 5.20 (b) (c), the temper-
ature increment in the west and in the middle does not cause a notable increase of evaporation
and runoff, but reflects the reduction of precipitation in Lena.
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(a) Ob (b) Yenisei (c) Lena
   
Figure 5.22: (a) Temporal modes of sea surface temperature anomalies compared with total water storage, precipita-
tion, evaporation, runoff, surface temperatures, water mass derivative, water fluxes, respectively; (b) Temporal
modes of sea surface temperature anomalies compared with Nino 3.4 index; (c) Temporal modes of each hydro-
logic variables compared with Nino 3.4.
Yenisei basin Different from the Ob basin, ENSO induces a strong negative precipitation
over Yenisei, of Figure 5.21 (a). River runoff decreases notably in the north part of Yenisei
(Figure 5.21 (c)). Both Figure 5.21 (e) and (f) reveal strong negative responses of water stor-
age fluxes. However, a difference exists between GRACE observations and the water balance
equation. Considering the water mass loss in Figure 5.21 (e) (f), evaporation is not affected by
ENSO, as shown in Figure 5.21 (b). The spatial pattern of surface temperature in Figure 5.21 (d)
supports this conclusion. The positive response of temperature in southeast outside of Yenisei
convinces us that the result shown in Figure 5.19 (d) is reasonable.
Comparing Figure 5.14 and 5.15, we therefore understand that like in Yenisei, ENSO causes
a notable reduction of precipitation and increase of evaporation, and consequently induces
the negative output of water balance, which is revealed in Figure 5.21 as well. Normally, an
increase of terrestrial evaporation causes a decrease of surface temperature. Sun et al. (2016)
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indicated that evaporation and surface temperature maintain a positive relationship in cold
and dry climate condition. The inconsistency between each variable in Figure 5.14 is therefore
explained.
In summary, Yenisei evidently has a relevant connection to ENSO in precipitation and runoff.
Abnormal large reduction of rainfall induces the negative water storage flux in most part of the
catchment.
Phase delay responding to ENSO To detect the phase difference between terrestrial ob-
servations and ENSO, we refer to time delay estimated by Hilbert transformation in the linear
regression model. As listed in Table 5.7, water storage, precipitation, evaporation and runoff
in Ob show positive phase at about 1–2 month, which means 1–2 month lag to ENSO. Land
surface temperature has nearly 0 phase difference, which indicates the temperature changes
synchronously with ENSO. Different from Ob, water storage in Lena and Yenisei has more
than 1-month lead to ENSO, while precipitation, evaporation and runoff has 1–2 month de-
lay to ENSO. Water storage fluxes in Ob and Lena has phase shift around 0, which indicates
the synchronous variation in water balance and ENSO. Temperature except for Ob has about
1-month lead to ENSO.
Table 5.7: Correlation ρ between Nino 3.4 index and identified PCs from SST, which is associated with each
variable (i.e., M, P, R, E, T, dM/dt, P− E− R), with percentage of variance of identified PCs (σ) from each
variable, and the time lags (∆t) of each variable to Nino 3.4, are listed for three boreal basins (Ob, Lena, Yenisei)
in the table. In this case, positive ∆ means time lag to ENSO, while negative stands for time lead to ENSO.
Variable
Ob Lena Yenisei
ρ ∆t [mo] σ (%) ρ ∆t [mo] σ (%) ρ ∆t [mo] σ (%)
M 0.65 0.9 9 −0.75 −1.3 11 −0.62 −1.6 11
P 0.75 1.4 8 0.66 1.2 2 −0.69 1.8 8
R −0.69 0.2 5 0.63 1.5 3 −0.71 1.3 5
E 0.74 1.7 2 0.71 1.8 1 −0.70 1.3 2
T −0.70 −0.1 4 0.65 −1.0 3 0.70 −0.7 4
dM/dt 0.63 −0.4 2 0.65 0.2 2 0.60 0.2 3
P− E− R −0.78 0.7 3 0.70 −0.3 2 0.68 1.2 3
The inconsistency still exists in the identified modes between dM/dt and P− E− R. Compared
with other variables in the water cycle, the time lag to ENSO is more convinced by the results
from P − E − R. Not only one mode from GRACE which is probably associated with ENSO
might be the reason, as discussed in 5.2.2. In addition, according to the variance percentage
of each variable in Table 5.7, ENSO has much larger influence on the water storage than other
variables. In particular, the inter-annual change in evaporation is not significantly relevant to
ENSO in these basins. The impact of ENSO on precipitation in Lena is not notable as in Ob and
Yenisei.
Ni et al. (2017) calculated the cross-correlation between ENSO and interannual TWS change
globally. Maximum correlation coefficients are found and represented in maps, which illus-
trate teleconnection patterns. They found no obvious and negative correlations in Lena basin
by coherency spectrum. Our ENSO related spatial patterns (in Figure 5.14) reveals, however,
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strong responses in part of Lena and Yenisei basin. Although the subpolar climate related hy-
drological cycle has no evident relationship with ENSO events, the signature of ENSO in the
Lena basin is still revealed by our results. Clear correlation patterns over basins statistically
indicate the impact of ENSO, even though the link between ENSO and terrestrial water cycle
could hardly be modeled.
5.3 Discussion and summary
In this chapter, we aimed to investigate the teleconnection between ENSO and the terrestrial
water cycle, and eventually to understand the role of terrestrial water mass change in the cir-
culation of ocean, land and atmosphere.
PCA and ICA are successively applied to extract the associated patterns with ENSO from ter-
restrial water storage observations. PCA has compressed the signals into several dominant
modes, one of which is relevant to ENSO. ICA has separated the observations into different
independent components, and the ENSO-related variation are allocated in one or more inde-
pendent components. In this chapter, we gain the spatial independent teleconnection patterns.
Both PCA and ICA have proved to detect the signals associated with ENSO. A weakness still
exists that those connection patterns are not automatically identified by either PCA or ICA.
CCA has the potential to isolate the inter-annual change from both SST and terrestrial obser-
vation time series simultaneously. Different from PCA and other decomposition method, CCA
has an advantage on correlating linear relationship between two data sets, regardless of units.
Based on its advantage of mutual relationship detection, CCA provides us another way to
build up the link to ENSO. We consider sea surface temperature, which defines ENSO, as an
intermedium between ENSO and terrestrial observations. In this case, we linked not only TWS
from GRACE, but also other hydrological variables to ENSO, such as precipitation, evapora-
tion, runoff as well as land surface temperature. The correlated inter-annual variations have
been identified in associated canonical modes by CCA using SST as a bridge, compared with
Nino 3.4 index. All the PCs from SST which have a correlation with the Nino 3.4 index larger
than 0.6 are identified. The spatial pattern of terrestrial variables related to ENSO are obtained
by projecting identified temporal modes in spatial domain.
As a result, we have identified the teleconnection patterns both temporally and spatially. The
identified temporal modes of precipitation, runoff and evaporation show time lags to ENSO
between 0 and 2 months. In addition, signatures of ENSO are also detected in specific boreal
catchments, like Lena, Yenisei and Ob. ENSO influences TWS clearly in both the Ob and Yenisei
basin, which ranges from −25 mm to 50 mm. ENSO results in a negative output of water over
Yenisei and Lena, while no obvious negative response occurs over Ob. Precipitation behaves
actively in the three basins due to ENSO. It is uncertain whether the temperature rise in the
three basins relates to subsequent changes of evaporation or runoff, like in Yenisei and Lena.
The reaction of the boreal water cycle is a dynamic process, responding to ENSO in the central
Pacific. Therefore, the phase differences and time lags are necessarily taken into consideration.
We have introduced cross-correlation, the Hilbert transformation, as well as wavelet coherency
to estimate the phase and time shift. In conclusion, water storage fluxes respond with about
1-month delay to ENSO, reflecting the impact of ENSO on terrestrial water cycle. Due to the
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limited temporal resolution, we cannot explain physically the mechanism of ENSO impact on
boreal catchments. Therefore, to interpret such a dynamic process, a more comprehensive anal-
ysis should consider to densify the temporal resolution by submonthly, weekly or even daily
observations.
We investigate the teleconnection patterns only in a statistical way, without concerning the
physical mechanism behind them. Our results illustrate notably the teleconnection between
ENSO and boreal catchments. However, we still have to consider the interference of other os-
cillating climate patterns e.g., North Atlantic Oscillation (NAO), Arctic Oscillation (AO). AO
effects on water mass change in the boreal region have been reported in (Peralta-Ferriz et al.,
2014). The study of Déry and Wood (2004) reveals the important role of AO in the terrestrial
hydrologic budget. Peterson et al. (2006) proved the impact of NAO on the Arctic and sub-
arctic water cycle. ENSO happens in the Pacific, but influences globally. Despite AO/NAO
significantly influences the water cycle in pan-Arctic, we find that the teleconnection between
ENSO and pan-Arctic is also evident. A comparison of teleconnection patterns from ENSO
and AO/NAO should be done in the future. Furthermore, based on the statistical associated
patterns, it is still not known how much the abnormal inter-annual variations in boreal hydro-
logical observations come from ENSO or AO/NAO. To investigate the contribution of ENSO
to the inter-annual change in Arctic, an analysis considering those questions would need to be
done in a comprehensive way.
A non-linear relationship exists between river runoff and terrestrial water storage change in
the subpolar climate zone. This non-linear relationship is characterized by long and cold win-
ters with cool and short summers, which is analyzed by Riegger and Tourian (2014). Extreme
climate events like ENSO are difficult to characterize due to the nonlinear behavior. The lin-
ear inter-annual changes related to ENSO have been identified here. However, the existence
of non-linear connection is not. Detection of non-linear relationship between two variables is
a challenge for CCA. It might be overcome by developing a kernel-based CCA (Hsieh, 2001),
which is beyond the scope of our study.
GRACE has proved its capability of sensing the inter-annual variation of the water cycle by
the identified temporal and spatial patterns (Eicker et al., 2016). Nevertheless, an inconsistency
still exists, when comparing the water mass derivative from GRACE with the results from the
water balance equation. One cause of inconsistency are the model errors. Different spatial
resolutions may also lead to such disagreement. Filtering applied on GRACE reduces the noise
and simultaneously reduces the spatial resolution. GRACE observations cover the period only
from 2002 to 2017, but it is still not sufficient for recognition of impact of climate change. The
decadal change of terrestrial water cycle forced by climate variability can not be detected owing
to the limitation of GRACE lifetime. Although the limitations of both spatial resolution and
time scale are always big challenges for climate and water resource studies, the teleconnection
revealed by GRACE still provides us confidence that GRACE has the capability to sense the
signature of ENSO.
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Chapter 6
Conclusion and Outlook
6.1 Conclusion
The water mass transports in the ocean-land-atmosphere circulation, particularly in the terres-
trial water cycle. Monitoring the terrestrial water mass variation by means of geodetic, hy-
drological, and hydrometeorological observations motivates us to start our research. GRACE
provides us the time-variable global gravity field, making it possible to monitor the large-
scale water mass variation over the globe. Various hydrological models synthesize different
data sources, providing highly-resolved model estimates of hydrological variables. Some other
variables, e.g. SST, LST, allow us to link the continental water mass change with the dynamic
processes in the ocean and atmosphere. Moreover, some climate indicators, e.g. ENSO in-
dices, help us to understand the teleconnection between ocean and land. The main objective
of this thesis is to assess the water mass change in the terrestrial water cycle and to interpret
the water mass exchange in the ocean-land-atmosphere interaction. Given the observations
from GRACE, the model estimates from hydrological models, the temperature of sea and land
surface as well as the climate indices, therefore, the following tasks have been achieved in this
study by employing appropriate statistical approaches:
1. Modelling the terrestrial water storage at catchment scale by using different hydrological
variables.
2. Spatial downscaling of GRACE data by an assimilation of multiple hydrological variables
with total water storage from a fine resolution model.
3. Identifying the signature of climate variability on the terrestrial water cycle using SST as
an intermedium.
4. Investigating the temporal shifts in the dynamic water cycle and the causal relationships
between the terrestrial water cycle and climate variability.
Understanding the terrestrial water cycle The linear relationships between water stor-
age and other variables in the water cycle have been characterized in Chapter 3 and 4, which
are the basis of our modelling of terrestrial water storage change. Based on these linear relation-
ships, Chapter 3 has accomplished the modelling of terrestrial water storage at catchment scale
by assimilating multiple hydrological variables. As a result, combining multiple hydrological
variables always has better predictions of water storage than using any individual variable.
Runoff outperforms other variables when regressing the water storage, which has evidently
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illustrated the strong linear relationship between water storage and river runoff. Considering
the dynamic temporal shifts in the water cycle, precipitation has shown us good performance
in predicting water storage change by a moving average regression.
The modelling of terrestrial water storage in the catchments under different climatic conditions
yields various performances. Good predictions have been achieved in the tropical basins since
those basins demonstrate clear stationary seasonal behaviour. However, the terrestrial water
storage is poorly predicted in the boreal catchments that have cold and dry climatic condition.
It was shown that good agreement between prediction and observation is achieved in the trop-
ical catchments with strong cyclo-stationarity, while the weak cyclo-stationarity in those boreal
catchments leads to a low prediction accuracy. This might be explained by the non-linear rela-
tionships between water storage and other variables, and it remains a challenge for us to model
the terrestrial water mass change in high-latitude regions.
Understanding the ocean-land teleconnection In Chapter 5, we have explored the tele-
connection pattern between ENSO and the terrestrial water cycle in the boreal region for the
time period 2003 to 2014 using monthly spaceborne observations and reanalysis data sets. The
ENSO-correlated inter-annual variations have been extracted in one of the modes by PCA,
separated in one or more independent components by ICA, and identified in the associated
canonical modes by applying CCA on the joint datasets. Associating with Nino 3.4 index, we
have eventually identified the temporal modes from each data source. The spatial pattern of
terrestrial variables related to ENSO are obtained by projecting identified temporal modes in
spatial domain. With the aid of CCA, the signature of ENSO on boreal water cycle has been
successfully identified through SST. Using SST as intermedium helps us eventually link ENSO
to terrestrial variables. SST seems like a bridge between ENSO and variables in the terrestrial
water cycle.
The signature of ENSO in high latitude has been identified by both hydrological observations
in that area and observations from GRACE. However, the disagreement of spatial patterns
from the water storage fluxes still exists in some regions which might be due to the inconsis-
tent spatial resolution. As a result of low spatial resolution, GRACE does not perform well in
recognizing local details. Additionally, as discussed in 3.1.2, filtering on GRACE reduces the
noise and simultaneously also reduces the spatial resolution.
Further, as the GRACE observations cover the period only from 2002 to 2017, the observing
time period of GRACE is still not sufficient for recognizing the impact of climate change, which
limits our study on detection of the decadal changes of terrestrial water cycle forced by climate
variability. Although the limitations of both spatial resolution and time scale of GRACE are
always big challenges for climatic and hydrological studies, the performance of GRACE still
provides us confidence that it has the capability to sense the large-scale signature of ENSO.
Understanding the causal relationships As demonstrated in Chapter 4, the relationship
between water storage and other variables in the terrestrial water cycle is statistically described
as linear but behaves dynamically with temporal shifts. We have investigated the time lags
in the terrestrial water cycle using the Hilbert transformation, and further have explored the
causal relationships between ENSO and terrestrial variables by the Hilbert and wavelet trans-
formation approaches.
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After correcting the existing temporal shifts, the linear relationships in the water cycle have
been characterized in the tropical and temperate basins. Meanwhile, this dynamic water cycle
is statistically interpreted in terms of the estimated time leads or lags. As a consequence, esti-
mating the phase/time differences by the Hilbert transformation has been proved reliable for
stationary time series. Since resorting to the Hilbert transformation is not appropriate for non-
stationary signals, it is still a challenge to characterize the relationships between water storage
and other variables in the boreal catchments.
In Chapter 5, the time differences between different terrestrial variables (e.g., total water stor-
age, precipitation, evaporation, runoff, land surface temperature, water fluxes) and ENSO
have been estimated using cross-correlation coefficients, Hilbert transformation and wavelet
coherency spectrum. Among these three approaches, the wavelet coherency spectrum has
demonstrated its advantage on analyzing observations with non-stationary variability from
both the frequency and the time aspects. The significant information of phase differences be-
tween ENSO and terrestrial variables at low frequency (e.g. biennial, inter-annual and decadal
bands) are enhanced in the wavelet coherency maps.
Therefore, terrestrial variables responding to ENSO have been revealed in Chapter 4 and 5 by
the quantified time lags. Time lags between ENSO and terrestrial variables range from 1 to 2
months in boreal region. The time lags between total water storage and ENSO is not distin-
guished, due to the limited temporal resolution. Although the cause and effect between ENSO
and variables in the terrestrial water cycle is indirectly explained by the estimated phase/time
differences, as a preliminary study, it supports us to explore the teleconnection between climate
variability and terrestrial water mass change, helps us understanding the role of terrestrial wa-
ter mass variation in the dynamic ocean-land-atmosphere circulation, and additionally inspires
us to consider these temporal shifts in the regression models.
Adaptive moving average regression on prediction/assimilation As illustrated in
Chapter 3 and 4, the time-invariant temporal shifts among the hydrological variables are sig-
nificant in the dynamic water cycle. Considering these existing temporal shifts in the terrestrial
water cycle, an adaptive moving average regression algorithm is consequently developed in
this thesis for water mass change modelling.
Going back to Chapter 2 and 3, three different regression approaches, i.e. LSP/LSC, PCR and
PLR, have been employed for water storage prediction. Although all the three approaches
have been successfully implemented for water storage prediction such that the results gener-
ally meet our expectation, combining with a moving average process has highly improved the
quality of our predictions in most catchments, particularly for the predictions from LSP. The
prediction in boreal catchments still has a poor accuracy even with a moving average regres-
sion. Eventually, based on a moving average process, these three approaches perform at the
same level of accuracy in predicting the water storage by multiple hydrological variables.
Moreover, such an adaptive moving average regression has also been used with PLR in an
assimilation of hydrological models with GRACE to achieve a finer spatial resolution of total
water storage in Chapter 3. The obtained downscaled total water storage has demonstrated the
importance of an adaptive moving average in the regression/assimilation model.
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Advantages of CCA on mutual feature detection The CCA method has been intro-
duced in Chapter 2, together with PCA and ICA algorithms. Comparing with the performance
of PCA and ICA, hence, CCA demonstrates its advantage on detecting the mutual properties
from two different variables.
As analyzed in Chapter 5, CCA has represented its capability to isolate the inter-annual change
from both SST and terrestrial observation time series simultaneously. Different from PCA and
ICA, CCA has advantage on correlating linear relationship between two data sets, regardless
of units. ENSO related inter-annual change has probably been identified in several different
temporal modes. The results reveal clear teleconnections between ENSO and the terrestrial
water cycle in boreal catchments, e.g. Ob, Lena and Yenisei.
Further, CCA has shown its potential in model regression and data assimilation. As described
in Chapter 2, based on the mode separation of joint datasets, PLR inherits the main idea of
CCA, using the selected canonical modes for regression. In Chapter 3, PLR has demonstrated
its capability of modelling water storage by multiple variables. Different from PCR, PLR con-
siders the relevancy of water storage to the other variables in the water cycle, providing a more
stable performance than PCR. PLR makes use of associated information from predictors and
predictands, and as a consequence, reduces the uncorrelated errors. Assimilation of multiple
variables by PLR benefits from this property, and thus in this thesis, has been applied for spa-
tial downscaling of GRACE. Avoiding any approximated model, which is a necessary step for
the Kalman filter approach, PLR is a data-driven method, based on the empirical information.
In the end, from the promising downscaled total water storage, we have confidence of PLR in
the data assimilation, exhibiting its applicability for GRACE downscaling.
6.2 Outlook
Apart from the overall achievements of this thesis as summarized above, several challenges
still remain and create opportunities for further investigations.
Challenges in characterization of non-linear relationships One of the remaining chal-
lenges is to model the non-linear relationships in the terrestrial water cycle. As discussed in
Chapter 3 and 4, the terrestrial water storage is still poorly predicted in boreal catchments, al-
though we have already used a moving average process in the regression model, considering
the time-invariant temporal shifts. In fact, the solid/liquid water mass variation plays also an
dominant role in the cold and dry regions, which results in a non-linear relationship. Hence,
the inaccurate prediction of water storage change in boreal catchment probably refers to this
non-linear relationship. However, from the given results, our current approaches adopted in
this thesis can hardly figure out this issue.
Also, non-linear behaviours always exist in the ocean-land-atmosphere interaction. As dis-
cussed in Chapter 5, since extreme climate events (e.g. ENSO) are difficult to characterize due
to the non-linear relationship with the other terrestrial variables, the non-linear association be-
tween ENSO and terrestrial variables is not identified by CCA yet in our study.
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Therefore, to overcome the limitations motivates us in the future to improve the current
methodologies (e.g. kernel-based CCA) or develop new algorithms (e.g. artificial neural
network).
Perspectives on spatial downscaling and temporal densification Thanks to the global
coverage and more than a decade of observing period, GRACE has been widely used for hy-
drological applications. However, the limited spatial and temporal resolution constrains its
application for monthly monitoring. From the given results in Chapter 4, the temporal shifts
between water storage and other hydrological variables are frequently decimal, not integer
months. Also, as discussed in Chapter 5, we cannot distinguish the phase difference between
ENSO and terrestrial water storage within one month, due to the monthly solutions from
GRACE. Therefore, the acquirement of submonthly, weekly or even daily change of water stor-
age is still a challenge for future works. As our approaches have demonstrated the potential in
predicting the water storage by multiple variables in most catchments, as exhibited in Chapter
3, densifying the temporal sampling of GRACE could also be accomplished by dense sampled
hydrological observations.
Additionally, the duration of GRACE is not sufficient for climate studies. Long-term large-scale
variation (e.g. decadal change) of terrestrial water mass that affected by climate change cannot
be investigated via GRACE observations. In order to fulfill this purpose, we could reconstruct
the water storage by prediction in the past. It is worth to be done in future research, using
statistical approaches (i.e. MA-LSP, MA-PCR, MA-PLR).
The insufficient spatial resolution of GRACE restricts its application only at large scales (e.g.
large catchments). Fortunately, the given promising results of the downscaled total water stor-
age in Amazon have demonstrated the successful spatial downscaling of GRACE. However,
since Amazon is a typical tropical basin that has a strong cyclo-stationary seasonality, whether
it is also applicable in other catchments under different climatic conditions (e.g. in boreal catch-
ments) is still unknown. Consequently, this remaining work opens the door for further explo-
rations in different type of catchments. Moreover, for lack of in-situ measurements, the reli-
ability of our downscaled results still remains to be validated. As a consequence, a proper
validation needs to be done in future works. For instance, it is worth to compare with other
proposed downscaling approaches, e.g. Kalman filter, artificial neural network, etc.
In addition, as introduced at the beginning of this thesis, the downscaling of spatial resolution
is valuable for flood and drought studies, providing more local details. The applications of
downscaled total water storage for flood and drought analysis will be expected in the future
for highly improvement.
Perspectives on teleconnection of various climate variabilities In this thesis, we ex-
plore the teleconnection between ENSO and terrestrial water cycle in the pan-Arctic regions
in a statistical way, without concerning the physical mechanism. As we know, the anomalous
water mass change in the pan-Arctic region is strongly influenced by other oscillations, e.g.
North Atlantic Oscillation (NAO), Arctic Oscillation (AO). Therefore, to explain the physical
mechanism behind the teleconnection, we also have to carefully consider the interference of
NAO and AO. Similarly, the signature of AO/NAO on the terrestrial water cycle in pan-Arctic
regions could be identified, resorting to CCA method. A comparison of teleconnection patterns
from ENSO and AO/NAO remains to be done extensively in future studies.
160 6.2 Outlook
Further, apart from SST, other indicators (e.g. sea bottom pressure) could also be used as an
intermedium for teleconnection investigations. It might be beneficial of finding out the optimal
intermedium variable to link the climate variability and the terrestrial water cycle.
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Appendix A
Recipe for Computing Total Water Storage
Changes from GRACE
To compute the total water storage (TWS) changes, the computational steps implemented in
this thesis are summarized as follows:
• The GRACE level 2 data are based on the GSM RL05 solutions from GFZ, represented in
fully normalized geopotential spherical harmonic coefficients with maximum degree of
90.
• The degree-2 coefficients C2,0 are replaced with the solutions from Satellite Laser Ranging
(Cheng et al., 2011).
• The degree-1 coefficients provided by Swenson et al. (2008) are filled in the data.
• The long-term mean which is calculated based on the period from 2004 to 2010 is removed
from the data in spectral domain in order to acquire the spherical coefficients of time-
variable field.
• An isotropic Gaussian filter with radius of 300 km is applied to the coefficients (Wahr
et al., 1998).
• A destriping filter is also applied to the coefficients to minimize the effect of correlated
errors (Swenson and Wahr, 2006).
• The monthly total water storage changes are eventually estimated by (3.6).
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Appendix B
Joint Approximate Diagonalization of
Eigenmatrices Algorithm
The JADE algorithm aims to find an rotation matrix R that optimally diagonalizes the cumu-
lant tensor QX of X. It optimizes the QX by jointly diagonalize a set of matrices in QX, now
described by the following steps (Cardoso, 1993):
Initialization The rotation matrix is initialized as an identity matrix, i.e. R = I. For a unitary
rotation matrix
V =
[
cosθ −sinθ
sinθ cosθ
]
, (B.1)
we initialize a rotation angle θ as 0.
Joint diagonalization According to (2.25) and (2.31), we calculate the cumulant tensor QX as
a n2 × n2 matrix for a given data matrix X(n× s). For each cumulant matrix,
Qm =
[
qii qij
qji qjj
]
, (B.2)
where i = 1, 2, . . . , n, and j = 1, 2, . . . , n denote the row and column index that one element of
cumulant q at (i, j). m = 1, 2, . . . , n2, representing for one cumulant matrix index. Assume that
after a symmetric rotation of Qm by Vm, the squared sum of the off-diagonal elements of the
rotated Q′m are minimized (Cardoso, 1993),
Q′m = VTm Qm Vm =
[
cosθ sinθ
−sinθ cosθ
] [
qii qij
qji qjj
] [
cosθ −sinθ
sinθ cosθ
]
=
[
q′ii q
′
ij
q′ji q
′
jj
]
. (B.3)
In fact, optimization of (B.3) is equivalent to finding a θ that maximizes the squared sum of the
diagonal elements (Cardoso, 1993), writes
max(q′2ii + q
′2
jj ) . (B.4)
Notice that 2(q′2ii + q
′2
jj ) = (q
′
ii − q′jj)2 + (q′ii + q′jj)2, and that the trace of q′ii + q′jj is invariant in a
unitary transformation, maximization of (B.4) is equivalent to
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max(q′ii − q′jj)2 . (B.5)
According to (B.3), we derive
hm = q′ii − q′jj = [qii − qjj qij + qji]
[
cos2θ
sin2θ
]
= gm · u , (B.6)
where gm = [qii − qjj qij + qji] and u = [cos2θ sin2θ]. Thus, we obtain H = Gu, if H =
[h1, h2, . . . , hn2 ]T and G = [g1, g2, . . . , gn2 ]T. To optimize (B.5), it becomes to jointly diagonalize
the quadrant form HT H (Cardoso, 1993),
HT H = uTGTGu . (B.7)
In (B.7), u can be considered as the dominant eigenvector of G and thus the rotation angle θˆ is
estimated. The joint diagonalization of all the cumulant matrices is iterated over different rows
and columns. The unitary rotation matrix Vm is updated for each pair of cumulants based on
the estimated angle θˆ by
Vˆm =
[
cosθˆ −sinθˆ
sinθˆ cosθˆ
]
. (B.8)
Hence, each Vˆm diagonalizes a cumulant matrix Qm. The rotation matrix is subsequently esti-
mated as a product of n2 times rotation by Vˆm, i.e. Rˆ = ∏n
2
m=1 Vm.
Update We update the rotation matrix R = R · Rˆ, after an entire loop for each row and column
of QX. Also, the cumulant matrix Qm is replaced by the rotated cumulant matrix Q′m, so that
each row and column of the QX is subsequently updated.
Determine to stop or not To decide whether to go to a new loop or stop the iteration, we use
a threshold condition. The threshold ξ = 1/100
√
N is selected by Cardoso (1999), where N is
the length of the vector Xi. If θˆ < ξ then the iteration is terminated, otherwise go back to the
first step. It means that no further rotation can be applied to maximize HT H. In other words,
the cumulant tensor QX is iteratively diagonalized by Rˆ.
As a consequence, we obtain the optimal estimated rotation matrix R. Finally, ICA is accom-
plished by implementing the last step in (2.30).
